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1 Introduction

This deliverable is related to a detailed distortamalysis algorithm called Volterra on
Harmonic Balance (VoHB) [1, 2]. It breaks the totabnlinear distortion given by
Harmonic Balance into a vector sum of smaller congods so that the dominant causes,
mixing and cancelling mechanisms can be easily.s€his is done so that for each
nonlinear element, a polynomial presentation istffitted in the frequency domain.
These polynomial expansions are then used in \faltenalysis to calculate different
mixing mechanisms from one tone to another. Bothtlie fitting and the expansion,
frequency domain convolution is used.

Fitting the polynomial model is one of the majoolpems in VoHB, as such models are
not commonly available. Several approaches to bpdt/nomial models have been
found in the literature, and these are briefly eex@d here. Specifically, the current
version of VoHB fits the model in the frequency domby using simulated voltage and
current spectra (see Section 3.4). The pros ansl @othis fitting technique are studied in
more detail, and the numerically more robust sohgiare sought out.

The polynomials used in Volterra calculations has@veral specific features that
complicate the fitting.

» First, polynomial models themselves are known teultein an ill-conditioned
fitting matrix (called Vandermonde matrix), the @rgion of which is sensitive to
errors.

» Second, the used models are often bivariate or eudhvariate — for example,
the electro-thermal model of the I-V function ofransistor has 3-4 inputs: 2-3
voltages and one temperature node. The need faraeinput variables is
especially true with devices with low output impeda, while BJTs, for example,
are quite sensitive to self-heating effects.

* This leads to the third and most serious compbecatin normal operating mode,
the different inputs often correlate strongly — étample, the input and output
voltages of a linear amplifier correlate perfectinfortunately, this immensely
complicates the fitting of the l1ds-Vgs-Vds sourtthe only data we have is from
in-situ simulations.

» Fourth, we are usually interested in the behaviasnaall distortion components
that are by no means dominant when fitting the rhddence, we may need to
weight the response of the distortion components,then we need to worry
about how the weighting affects the fitting result.

» Fifth, the fitting results are also functions oetltest signals, as different signal
amplitude distribution functions by nature excitendinearities in different
operating regions. Hence, we need to be carefuhvexérapolating simulations
from 1- or 2-tone simulations to modulated data.
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2 A circuit example

As a typical example, the distortion analysis ofireear class AB linear amplifier is

shown next. The capacitances in the LDMOS MET medel1-dimensional and hence
very easy to fit, but the Ids VCCS source is 3-dimenal, controlled by gate and drain
voltages vgs and vds and the time-varying junctitemperature t. Marking the

polynomial coefficient of a termgsa*vdsb*tc by k_abc, the 3*-degree expansion of Ids
source can be written as

Ids = k100*vgs + k200*vgsA2 + k300*vgsA3 ..
+ k010*vds + k020*vdsA2 + k030*vdsA3 ..
+ k110*vgs*vds + k210*vgsA2*vds + k120*vgs*vgs*vdsA2 ..
+ k001*t + k1l01l*vgs*t + kOll*vds*t ..

Here the T row is a function of the vgs only"2of vds only, & row consists of input-

output cross-terms (of vgs and vds), afidew contains the electro-thermal terms.

In a normal linear amplifier, vgs and vds correlsttengly, making it difficult to separate
which one is causing the nonlinearity. However, dbgut-related terms are increasingly
important in modern transistors that have a lowpotiimpedance and operate near the
drain break-through where the Ids-Vds curvaturehigh. Hence, the output-related
effects are truly needed.

To illustrate the scope of the problem, Fig.1a shtive vgs-vds trajectory in a normal 2-
tone test to indicate, that in a normal operatingdenwe have very little data of the
overall ids-vgs-vds function. Plots b and ¢ shownsapproaches to employ a separate
test signal in the output node to broaden the adsility. For a while, however, we will
see what can be done with the 2-tone test data.
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Figure 1. Vgs-Vds correlation in an LDMOS amplifadniven by a) a normal 2-tone test,
b) a 1-tone input, 1-tone output test, c) a 2-topeit — 1-tone output test. [3]
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The 2-sided spectra of Figure 2 show the similaotywgs and vds in the frequency
domain. Fundamental tones are normalised to equplitade, and also the IM3 level is
pretty similar. The output node (Vo) has high IM2da?'® harmonic content. Due to
capacitive coupling to the gate, th¥ Barmonic is much stronger than the low-frequency
IM2 in the input node Vi. It is also obvious thak @distortion components are relatively
weak (20-30 dB below the fundamentals), which mehasthe fitting will be dominated
by the compression/expansion of the fundamentason

The strength of the input-output correlation degeod the used technology. In BJTs and
HBTs the base node is highly nonlinear, and isnoftere distorted than the output,
which simplifies the fitting. In FETs all the nonéar elements connected at the gate are
capacitive, and this causes distortion at gateet@roportional to the frequency of the
distortion tone. Many high-power devices are retdi slow, and the excess transit delay
causes frequency dependent phase shift in the towaipess, which also somewhat breaks
the input-output correlation. Finally, thermal effe are strong in BJTs and HBTs, and
here especially the temperature-dependent gainvbe*t term) may be important.
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Figure 2. Two-sided spectra of the input and ouypltiges (Vgs and Vds).
To go to extremes, Figures 3 and 4 show the coiwalanatrix of all up to  degree
electrical and electro-thermal spectra in the addv®IOS amplifier. In the matrix each
number corresponds to a term, 7 being Vo, and 22juhction temperature nT, for
example, and e.g. Vo3 means the spectrum o8 term, i.e. Vo spectra in Fig.2
convolved twice by itself. From the cross-corra@atplot below we notice, that the most
similar model functions are thé"®rder input-output cross-terms Vi2Vo3 (i.e., Vi*2
Vo"3), Vi3Vo2, and ViVo4. Strong correlation carsalbe found between Vi5 and Vo
that correlate with all odd-order spectra, and leetwViT and VoT. Higher-order electro-
thermal terms are even worse and most likely tdrbpped, leaving just the ViT term.
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Figure 3. Correlation of model functions when figilds-Vgs-Vds-T function (orange
means >0.9, blue low, self-correlation of diagoglaments is 1).

Figure 4 is drawn so that model functions (spectie@® added one by one, and the
condition number of the model matrix is calculatgdeach step. Altogether, the model
functions seem to correlate heavily, and e.g. ¢he tViVo2 raises the condition number
beyond 16. Obviously, we can not include all thB-Brder terms. A typical model of the

studies made so far has used the following modalptexity:

« 5" degree model for the input vgs as the dominantsamshgest nonlinearity

« 3%degree model for output input-output cross termsmtodel the Ids-Vds
curvature

* minimal self-heating effects, at minimum term ViT.

The above will be called the 5+3+3+2 model accaydim the degrees of input, output,

cross-terms, and electro-thermal terms, respegtiveigures 3 and 4 show a full
5+5+5+5 model.
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Figure 4. Condition number of the model functiortmna

3 Existing fitting techniques

Earlier methods for fitting polynomial models toadlable data are studied e.g. in [1,
Chapter 4]. Their properties are briefly repeatecechBefore going to the actual fitting
methods, we review the various effects that afteet fitting result and the required
model order.

3.1 Effects affecting the fitting results

There are many things that affect the result ofgtblgnomial fitting. These include:

* The chosen operating point. For this purpose, itnrtant to use the real large-
signal operating point, as especially BJT's anduis with DC feedback from a
heavily distorted node suffer from quite heavy-sdfsing.

* The fitting range. It is important that the polynairis fitted with the same range
signal varies, and this is again one good reasarotobine the fitting to a real
large-signal simulation.
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* The degree of the polynomial. Using a too low-orgetynomial forces the
polynomial coefficients to be heavily signal-depend However, the detailed
analysis is usually limited to relatively low ordeand in that sense it may be
better to force the model to a fixed, given ordemeell. The &-order analysis
currently implemented in VoHB supports quite heaey-linearities.

* The amplitude distribution of the signal used fittirfg. A 1-tone signal has a
high probability of the peak amplitudes, while masbdulated signal mostly
dwell at the centre and have the peak values \adps. It is shown in [1] that 1-
tone signal exaggerates the nonlinearity, and itldvbe wise to use at least a 2-
tone signal to characterise the polynomial nonliga

3.2 Small-signal derivatives

Many symbolic analyses and e.g. [4] employ symiadiiicsolved Nth-order small-signal

partial derivatives of the I-V and Q-V sources. Simethod is often used without any
large-signal analysis, which makes the estimatibrthe large signal operating point
problematic (especially BJTs suffer from self-bmapi Further, the derivative functions
are quite complicated to derive and need to betewriinto the device model. New
versions of device model are complex and needeckiyuiand hence we would like to

avoid serious rewriting of the device models thdwese

3.3 Fitting using I-V data

The simplest methods to fit a polynomial to meadutata y is to build a Vandermonde
matrix M of the model functions of form'xand solve the coefficient vector C from
equation MC = | in the least square sense.

1% XX

CO il
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C=MT-M)t-(MT-])

This can achieve a better large-signal fit thaedixiumber of derivatives in a given bias
point, but now we have an additional degree ofdoee to worry about: we need to know
the signal amplitudes and trajectories to choogefitting range. As a free benefit,
however, we can imitate any real amplitude derdigyribution by proper weighting of
the rows of the equations.
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3.4 Frequency domain fitting

It is easier to get frequency domain than time dondata from harmonic balance. As
time-domain multiplication corresponds to a frequedomain convolution, it is possible
to perform the fitting also by using frequency gpectime domain term ‘vcan be
replaced by V, where the original spectrum; éf v(t) is convolved (k-1) times by itself.

The frequency domain fitting brings us some nevpprbes:
* The transit delay of the device is easily compestsdly frequency dependent
phase shift
* Now there is one equation per frequency, and wechaose at what frequencies
we perform the fitting, and also weight a chosegfiency.
» However, the amplitude of interesting distortiompmnents like IM3 tone is very
small, and their effect to the fitting matrix is alrwithout any additional scaling.

3.5 Utilizing the frequency conversion matrix within HB

The ultimate use of the polynomial model in VoHBsisply to calculate the frequency
conversion gain from one frequency to another s-itiformation tells us how much from
IM3 distortion is down-converted from the secondnmanic band, for example. The
frequency conversion gains, however, are also usefind the convergence of the
harmonic balance: the Jacobian of normal HB comsi$ta matrix that describes the
transformation from one sinusoidal signal to anothe

While the Jacobian is a completely free side-proofisolving harmonic balance, its use
is not entirely simple. First, the Jacobian is Ulguealculated as a sum of all VCCS
connected to one node, complicating the analysia sihgle non-linearity [5]. Second,
the relationship between the Jacobian and the polal coefficients varies depending
on the number of tones and harmonics. Third, tle®hlan is used only to steer the
iteration, and may contain some simplifications.

The use of Jacobian for building the polynomial eledvas tested with a circuit with
one l1-dimensional polynomial nonlinearity only. Thextraction of the coefficients
seemed to vary slightly from term to term, and & feercent variation (most probably
due to the iterative update of the Jacobian) casdea e.g. in k20 terms extracted from
two different tones.
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4 Numerical techniques for aiding the LMS fit

4.1 Chebychev polynomials

Chebychev polynomials ,x) [6] are orthogonal polynomials that are buift by a
recursion formula

Tn+1(x) =2-x- Tn(x) - Tn—l(x) =2- Tl(x) : Tn(x) - Tn—l(x)

When properly normalized and weighted, Chebychdynamials are orthogonal. Even

when they are not completely orthogonal, they eagdly relax the numerical properties
of model fitting. If a Vandermonde matrix is conesl into a Chebychev polynomial

base =1, = x, T.= 2¢ — 1, s = 4¢-3x, ..., it is usually not completely orthogonal,
but the condition number of the model matrix id sbnsiderably smaller, and hence the
fitting of the coefficients is less sensitive toahmumerical errors. This property is used
also in practice, to speed up the adaptation oynowhial predistortion devices, for

example [6].

Chebychev polynomial results into orthogonalityoais the frequency domain. A one-
tone input normalized to amplitude of 1 resultsaifully orthogonal series of harmonic
frequencies, as all lower frequency componentsaneelled by the I, term. In a case
of multi-tone or otherwise broader spectrum theeffs not so striking, but with carefull
amplitude normalization, signals of different ordesin be quite well separated to
different harmonic bands. This is illustrated ie fbllowing example.

Figure 5 compares a 2-tone test signal in a 5+3+8a@el, when fitted in the frequency
domain without and with Chebychev type processidg.i(= 2conv(M,Vi) — Via).
Chebychev polynomials to large extent seem to bugeatke correlation between Vil-Vi5
(condition number of these terms alone drops fro@@0 to 400). Still, the strong input-
output correlation causes Vi and Vo, and Vi3, VaBd Vi2Vo to be very similar, and
this maintains the total condition number of thedelovery high.

The conclusion is that Chebychev polynomials redacet of correlation between

higher-order spectra derived from the same inmurtadj but can not break the correlation
of strongly correlated input and output voltages.
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Figure 5. Comparison of models for spectral fgtimop: Using normal polynomial
functions, bottom: using Chebychev polynomial base
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4.2 Normalization and weighting

Normalization of the fitted signals usually imprevéne numerical properties of the
fitting, and for example with the use of Chebychsdynomials it is a necessity: it

inherently assumes that the input signal is limitedange from -1 to +1. In spectral

fitting with Chebychev polynomials it is essentialassure, that the maximum amplitude
of the higher order spectra does not increasegratacrease slightly compared to the
original spectrum.

In non-linear circuits the amplitude scaling affete result, and the fitted parameters
must naturally be de-normalized after the fittifighe gate and drain voltages vg and vd,
the junction temperature t and the drain currerdirigl normalized by dividing them by
maximum valuesgA, vdA, tA, andida, respectively,

vd = vd/vdA; vg = vg/vgA; t = t/tA; id = id/idA;
then the fitted polynomial coefficients must beledatoo. For a term
p(i,J) = k_i3*(vgAi)*(vdAj)
must correct the polynomial coefficient by scalihgs
k_ij = k_ij / (VGAAT * vdAAj)

Equation-wise weighting is another possibility. litme-domain i-v data pairs this gives

a possibility to imitate a given amplitude dendiiyction: by weighting the points near

the operating point we get a situation that resemlthe real input drive better than

evenly distributed data points. In the spectréihfit, each equation corresponds to a built-
up of a given tone, and by equation-wise weightuggcan increase the importance of a
given tone. For example, we can remove the hidghashonics altogether from the LMS

fit, or increase the weight of the IM3 tones. Thiay be needed, as the LMS solution
essentially calculates the total power of eachtspeand this is heavily dominated by the
fundamental tones (and their expansion or comme)swhile IM3 tones almost never

contribute more than 1% to the total power. In ¢ixamples used, IM3 and IM2 tones
have been weighted by multiplying these equatigna factor of 5-60.

Figures 6 and 7 show the fitting results of theV@s-Vds-T model, when the equations
are not weighted and then weighted. Most clearyeffect is seen in the error plots (real
minus fitted) in lower-left corner. When no weigidiis applied, the relative error of IM3

and IM5 tones is -20 dB (1:10), while by weightitihgese tones in the fitting process it
can be forced below — 50 dB. We will return to @itwre seen the top Ids-Vds plots in
the next section.
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As seen from Figures 6 and 7, one of most attradeatures of the spectral fitting is that
one can decide which tones are modeled accuraidfiyh sufficient number of
parameters the precision can be improved arbyrdtibwever, we need to consider if the
resulting model is physically meaningful, and thil be studied in Section 4.5.
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4.3 Use of QR factoring, pseudoinverse, etc.

LMS solutions are seldom sought by plain matrixeirsion, but more advanced matrix
operations are usually used. QR factorization andorglPenrose pseudoinverse
techniques have been experimented here. The orhbgation done by these techniques
is important when dealing with limited numericakpision. However, in the tests made
with matlab (employing double-precision floatingimtonumbers and virtually noise-free

input data), very little difference was seen betwte techniques.

4.4 Recognizing a bad fit

With the statistical F-test outlined e.g. in [8kiug ANOVA techniques from statistics)
one can verify if the change in the sum-squarer elue to one added or removed term is
significant or not. The following, simplified coddpes the following: the error of the
estimate is used to calculate the sum-square wdltie fitting error. When multiplied by
MMI = inv(M*M) where M is the matrix of model basifunctions, we get matrix V,
whose diagonals directly give the variance of efsthd parameter. The value rel(i) is
the ratio of the fitted parameter divided by cop@wding std deviation, and a threshold
of 3.0, for example, can be used to judge if adiparameter is significant or not.

MMI = inv(M’*M); % c contains fitted coeff for basis functions in M
est = M*c; err = I-est; % fitted estimate and fitting error
SSR = err'*err;

[mx,nx] = size(M1); m_n = mx-nx; % degrees of freedom
sig_2 = SSR/m_n; % estimate to sigmaA2
V = sig_2*MMI; sig = []; rel = [];
for i=1:1ength(c)
sig(i) = sqrt(abs(v(i,i)));
d rel (i) abs(c(i)/sig(id);
en

The above method can be automated so that aftefirghdull fit, insignificant model
functions are removed and the model is re-fittetieWtesting this manually it was found
out that, unfortunately, it does not automaticallyarantee that the model would be
physically meaningful, as described next.

The main fitting problem in the above drain curremdel is that although the input-
output cross-mixing results are important, theseetate heavily and are difficult to
separate from purely input or output related noedrities. Hence, a poor value-to-
deviation ratio does not mean that the effect wdddinsignificant, but with the data
available it can not be separated from other effect

Such a situation often results in an over-traingdtifat has several very large but

mutually canceling cross-product terms that are ploysically meaningful or even
possible. Mathematically speaking, the model orsl@igher than the data supports.
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A graphical method for verifying the physical catreess of the model is simply to plot
the fitted function over a slightly larger rangahused for the fitting. This is illustrated
in Fig. 8, where Ids-Vds curves are plotted, whiied using the three characterization
setups shown in Figure 1. The model should folloevghape of the full Ids model (high
output impedance with very weak curvature), andtladl models seem to fit nicely
between the two straight lines, that show the 8&naf the trajectory of input data for
setup A. Outside this region, curve A (correspogdmma input-driven 2-tone setup with
very narrow input-output trajectory) bends heawilgparting seriously from the shape of
the physically motivated |-V curve. This resultsexcess input-output mixing gains, and
hence it also overestimates the significance fehedfects. Curves B and C behave a bit
better, as more VDS data was available for the@iitThe same effect is seen in Figs. 6
and 7: the lds-Vds curves have some non-physicahture.

qob-qo ... culmeoflpg-Vps |
e 'th.'IEETCI]'_'_-' or SETL\.]_J Fat

&
| [oSetup & = Setup C :""""\Y\_i_-
0.75F | 4 Setup B + LV fit |-~ - 31--==- -~ 5
20 25 4 30 35
Vps [V] ;

Figure 8. Curvature of 1-V fit using the charactation setups in Figure 1.

The problem caused by heavily correlating contignals was eventually solved by
AWR-APLAC propriety technique that allows to modthe characterization signals of
sources that are found to be hard to fit otherwise.

5 Main results and conclusions

The ease or difficulty of the fit depends on thelentying circuit. HBT VBIC models
have been very easy to fit, but the LDMOS amplitised as an example has such a high
correlation between input and output signal thet #lready quite difficult to fit properly.

The input-output correlation can always be brokepm émploying a separate
characterisation setup with a non-correlated tgsias at the output. However, whenever
possible we would like to avoid this and use ohly tlata available from the underlying
HB simulation. To improve fitting in such a situati various mathematical techniques
were experimented, but none alone proved to befdmmf. The problem compared to
normal principal component analysis is, that duptgsical reasons we are interested in
a given set of functions and would not like to alieem. Hence, eliminating e.g. the
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output—related effects is equivalent of saying thate do not exist, while the truth is that
they can not be detected from the data available.

The most promising techniques experimented werddllowing:

* Re-shaping the model functions. Chebychev-like exjmn seems to break the
correlation of the higher-order spectra of one tngignal, and the fitted
Chebychev base is relatively easy to convert baghotynomials. However, this
does not solve the input-output correlation problem

» Calculating the conversion gains from the freqyecanversion Jacobian looks
tempting, but also it suffers from the limited datavided by heavily correlated
control signal.

» So far the most reliable solution seems to de-tate¢he controlling signals of a
poorly fitting VCCS. In APLAC this can be done fasingle VCCS by driving it
separately with a new set of excitations, and was eventually chosen for the
implementation (see [9]).

Regarding the self-heating effects, the followisgues need to be remembered: The
original device model needs to be able to calcutagrmally-induced distortion —
otherwise it is pointless to calculate its portinrthe total distortion. Also, one needs to
take care that we do not unnecessarily complidaefitting of the polynomial mixing
gains by too many electro-thermal terms.

The minimum requirement for electro-thermal distortsimulations is that the original
device model calculates real-time self-heating had a proper model for the thermal
impedance, that low-pass filters the thermal flattins. Unfortunately, many device
models use the self-heating only for setting thaslpoint, and the bandwidth of the
thermal network is so narrow, that no thermallytiogld distortion is visible. Hence, the
thermal impedance model necessarily needs to hawel@&pole response that allows
realistic amount of fast temperature variationthasub-MHz range.

Inclusion of the thermal effects in the polynomiabdel further complicates the fitting,
as many of the terms seem to correlate stronglg. ddminant and hence most obvious
term to be included in the polynomial model is Vi*Which describes the thermally
induced gain variations.

Thermally induced gain variations are very oftermpensated by a proper biasing
circuitry, and this leads us to the third probleatso the thermal coupling between the
strongly heating device and the temperature sensingponent in the biasing network
needs to be modelled correctly. Tight and broadbemupling can compensate some
nonlinear effects, while slow heat transfer coseitte DC bias, but leaves room for
distortion caused by rapid thermal fluctuations.
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6 Summary

The VoHB analysis needs polynomial models to caleuimixing gains from one tone to
another. The techniques for fitting polynomials aewiewed, concentrating on the
spectral fitting technique employed in the VoHB tptgpe.

Various numerical methods were presented and telstedhone of them fully avoids the
problem of heavily correlating input variables. ldenas a brute-force solution one can
limit the model order so that the input may be ap5t-degree, while output, input-
output, and temperature related terms are to at Bfbdegree terms. Some diagnostic
measures to aid the model order reduction wererempeted.

Inclusion of electro-thermal effects complicates fiiting process, but not intolerably.
However, it is vitally important to ensure thag telectro-thermal modeling in general is
sufficient. In many devices the bandwidth of therthal impedance is extremely narrow,
in which case there is no ac temperature variataomsno thermally induced distortion,
either.
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