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Amplitude estimation from Software-Defined Radio (SDR) baseband recordings becomes unreliable when the
additive Radio-Frequency (RF) noise departs from the Gaussian model assumed by Ordinary Least Squares
(OLS). Rather than comparing estimators one by one, this paper treats OLS, the Polynomial Maximization
Method of orders two and three (PMM2, PMM3) and the fractional branch of the Parametrically Adaptive
Transition Polynomial (PATP) as members of a single continuously parameterised family, and states the problem
as the synthesis of a decision rule that selects a member from the cumulants of one finite block, minimising the
regret with respect to an oracle choice. The protocol combines synthetic polygaussian noise, real RF residuals
from RadioML2018 over-the-air recordings, controlled heavy-tailed and platykurtic regimes, and leptokurtic
blocks from two drone recordings. Per-block PMM2 is unstable at 𝑁 = 1024 because the skewness estimate has
a low signal-to-noise ratio; pooling the cumulants over calibration blocks returns it to the OLS baseline. On
real platykurtic RF noise PMM3 lowers the mean squared error from 3.28 × 10−3 to 2.76 × 10−3, and Newey–
West HAC standard errors raise the empirical 95% coverage of all three point estimators from about 0.72 to
0.920–0.924 — PMM3 included (0.922) — which is still about three percentage points below nominal. In the
heavy-tailed regime relative efficiency is reported as a ratio of medians of squared errors with paired bootstrap
intervals, because the mean-based figure does not converge under infinite variance: at 𝛼𝑠=1.2 the oracle bound
PATP* reaches 38.8 [33.8; 44.5] while the practically achievable adaptive rule AUTO_EXT reaches 6.41 [4.96;
8.26]. The family is two-sided — it gains on both non-Gaussian edges and returns exactly OLS on the Gaussian
controls — unlike the one-sided Huber M-estimator, which loses 2–12% on platykurtic noise. Finally, we quantify
what the dispatch rule costs: against a per-block oracle it selects a suboptimal member in 65.0% of the synthetic
and 69.9% of the real-noise blocks, with regret 16.19 and 1.220 respectively, and on the synthetic set it is 10.7×
worse than plain OLS. The resulting operational recommendation is therefore conditional, not unconditional
dispatch: PMM3 for nearly symmetric platykurtic RF residuals, pooled calibration for PMM2, the fractional
branch for heavy tails, and OLS whenever the block cumulants do not clearly indicate otherwise.
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Introduction

Amplitude estimation from Software-Defined Radio
(SDR) baseband recordings is one of the elementary
operations of radio signal processing. It enters receiver-
chain calibration, channel-coefficient estimation, feature
normalization prior to detection or classification, and
the broader pipelines of radio monitoring and spectrum
analysis. In the simplest formulation the observed signal
is written as the linear model

𝑦[𝑛] = 𝐴𝑠[𝑛] + 𝜉[𝑛], 𝑛 = 0, . . . , 𝑁 − 1, (1)

where 𝐴 is the unknown amplitude, 𝑠[𝑛] a known
template, and 𝜉[𝑛] an additive noise term. For
independent Gaussian noise the natural and computati-
onally convenient solution is Ordinary Least Squares
(OLS), which in this case coincides with the maximum-
likelihood estimator and attains minimum variance wi-
thin the classical model.

In real Radio-Frequency (RF) recordings, however,
the Gaussian assumption is often only a technical ideali-
zation. RF residuals may be shaped by co-channel
interference, impulsive disturbances (including the Mi-
ddleton Class A/B models [1]) [2], hardware nonli-
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nearities, residual synchronization errors, receiver-chain
filtering, and the over-the-air channel. Their distribution
may therefore be asymmetric, heavy-tailed (as in the
𝛼-stable or impulsive models that are also observed empi-
rically in modern wireless systems [3, 4]) or, conversely,
platykurtic; the residual samples are moreover frequently
autocorrelated in time. For such data OLS usually rema-
ins unbiased under zero-mean noise but loses efficiency,
and the standard uncertainty estimates may yield confi-
dence intervals that are too narrow. It is therefore
important, in the SDR setting, to assess not only the po-
int error of the amplitude estimate but also the reliability
of the statistical inference.

Existing approaches to non-Gaussian noise fall
broadly into three groups. The first imposes an explicit
probability model on the noise — 𝛼-stable, Middleton-
type, exponential-power, or mixture distributions. This
route supports parametric maximum-likelihood esti-
mators but requires correct specification of the probabi-
lity density and estimation of additional nuisance
parameters. The second group relies on robust criteria
such as LAD, 𝐿𝑝 regression, M-estimators [5, 6], and
sign- or quantile-based methods; a survey of these techni-
ques in signal processing is given in [7]. They limit the
influence of outliers and heavy tails but often do not
explicitly exploit the distributional-shape information
carried by higher-order cumulants. The third route is
intermediate: rather than the full density, it describes
non-Gaussianity by a finite set of moments or cumulants
and uses them to build statistically more efficient esti-
mators; L-moments [8] are a related example.

The Polynomial Maximization Method (PMM),
introduced by Kunchenko [9], belongs to this third line.
In spirit it is close to maximum likelihood, since it also
maximizes a sample statistic in a neighbourhood of the
true parameter. The essential difference is that PMM
does not require the full noise density, but uses a fini-
te moment–cumulant description instead. Earlier work
showed that second-order PMM (PMM2) reduces the
variance of linear-regression estimates under asymmetric
non-Gaussian errors [10], with the gain governed by
skewness 𝛾3 and excess kurtosis 𝛾4; the method has been
extended to polygaussian mixtures and to autoregressive
processes with non-Gaussian innovations. At the same
time, PMM2 degenerates to OLS for symmetric distri-
butions, so a third-order polynomial is needed for nearly
symmetric non-Gaussian errors.

Third-order PMM (PMM3) was developed for
symmetric non-Gaussian errors [11] and uses fourth-
and sixth-order information. Its theoretical variance
reduction is governed by the cumulants 𝛾4 and 𝛾6. The
platykurtic regime is especially relevant to the SDR
context: it is precisely where a cubic score has room
to act, because a flat-topped density carries fourth-
and sixth-order structure that a quadratic score cannot
exploit. Section 5.2 quantifies this directly on uniform,

Beta(2,2) and generalized-Gaussian noise. This makes
PMM3 a natural candidate for RF residuals that are
nearly symmetric but depart from the Gaussian in their
kurtosis.

The integer-order moment apparatus of
PMM2/PMM3 is a special case of a wider, continuously
parameterized family of stochastic polynomials — the
Parametrically Adaptive Transition Polynomial (PATP)
[12]. In this family the basis 𝜙𝑖(𝜉;𝛼) = sign(𝜉) |𝜉|𝑝𝑖(𝛼)

continuously interpolates between a fractional-moment
regime (𝛼 → 0), suited to heavy-tailed impulsive
noise where higher-order integer moments diverge,
and a classical power regime (𝛼 = 1) whose integer
representatives are PMM2 and PMM3. In particular, the
second-order theoretical variance-reduction coefficient
𝑔2 = 1 − 𝛾23/(2 + 𝛾4) corresponds to 𝑔2(𝛼) at 𝛼 = 1. In
this paper we treat both wings of the family: the finite-
moment platykurtic regime (𝛼 = 1, the cubic PMM3
track) and the fractional branch, which extends the
method to the heavy-tailed impulsive RF noise where
the integer tracks no longer apply.

Despite the existing PMM theory for regression
models, its transfer to SDR amplitude estimation is not
automatic. First, SDR windows are of finite length, and
at 𝑁 = 1024 the cumulant estimates may have substanti-
al variance. This is especially critical for PMM2: if the
true skewness is small relative to the standard error
of 𝛾3, the per-block PMM weights become noise-driven
and may increase rather than reduce MSE. Second,
real RF residuals are not necessarily independent; their
autocorrelation affects the standard errors and may lead
to under-coverage of confidence intervals. For practical
SDR use one must therefore verify not only the theoreti-
cal variance-reduction coefficient, but also the stability
of cumulant estimation and the quality of the interval
inference.

We study PMM in exactly this practical setting,
and we state the problem as one of estimator selection
inside a single family rather than as a pairwise compari-
son of methods. The contribution is threefold. First, a
formal problem statement (Section 1) and an explicit
selection rule with 𝑁 -scaled, cumulant-standard-error-
based thresholds (Algorithm 1). Second, a quantitative
characterisation of that rule — misclassification rate and
regret against a per-block oracle, a sweep of the threshold
scale, and the two regimes in which the rule fails —
which turns “adaptive dispatch” from a design claim into
a measured quantity. Third, a well-posed measure of effi-
ciency in the infinite-variance regime, together with the
interval inference (Newey–West HAC) for the estimator
we actually recommend. The paper does not claim that
PMM is universally better than OLS; it states the condi-
tions under which each family member is safe to use, and
the price of choosing between them automatically.
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1 Problem Statement

Model. A baseband SDR block of length 𝑁 is
observed according to (1), where 𝜉[𝑛] is additive noise
with zero mean and unknown distribution 𝐹𝜉, in general
non-Gaussian and possibly autocorrelated in time.

Class of estimators. We consider the class of M-
estimators generated by the PATP stochastic polynomi-
als: the estimate 𝐴 solves∑︁

𝑛

𝑠[𝑛]𝜓
(︀
𝑦[𝑛]−𝐴𝑠[𝑛]

)︀
= 0, (2)

where the score function is built on the basis 𝜙𝑖(𝜀;𝛼) =
sign(𝜀) |𝜀|𝑝𝑖(𝛼) with the exponent map 𝑝𝑖(𝛼) of (11). The
parameter 𝛼 ∈ [0, 1] continuously connects three regi-
mes: fractional (𝛼 = 0), degenerate linear (𝛼 = 1/2,
identically OLS) and power (𝛼 = 1), whose integer
representatives are PMM2 and PMM3. Hence OLS,
PMM2, PMM3 and PMM_FRAC are not competing
methods but members of one parameterised family ℳ =
{OLS,PMM2,PMM3,PMM_FRAC(𝛼)}.

Criterion. For a member 𝑚 ∈ ℳ define the
relative efficiency 𝑅𝐸(𝑚;𝐹𝜉) = MSEOLS/MSE𝑚. The
oracle choice 𝑚⋆(𝐹𝜉) = argmax𝑚𝑅𝐸(𝑚;𝐹𝜉) requires
knowledge of 𝐹𝜉 — unavailable in practice — and, in a
Monte Carlo study, knowledge of the true amplitude 𝐴.

The problem addressed here. The oracle is
unattainable because the noise distribution is unknown
and must be estimated from a finite block: at 𝑁 =
1024 the standard errors of the sample cumulants are
SE(𝛾3) =

√︀
6/𝑁 ≈ 0.077 and SE(𝛾4) =

√︀
24/𝑁 ≈ 0.153,

so the estimates 𝛾3, 𝛾4 that any practical rule must use
are themselves noisy. The problem is therefore stated as
follows: construct a decision rule 𝛿 : (𝛾3, 𝛾4) ↦→ ℳ, acting
only on the cumulant estimates of the current block, that
minimises the expected regret

𝑅(𝛿) =
MSE(𝛿)

MSE(𝑚⋆)
(3)

subject to a no-harm target 𝑅𝐸(𝛿) ≥ 1, i.e. the rule
should not lose to OLS in any noise regime. Whether
a given rule meets this target is an empirical question,
and Section 5.3 shows that the rule studied here meets
it on real-noise data and violates it on the synthetic
polygaussian set.

This formulation makes the subject of the paper
the synthesis and quantitative characterisation of the
rule 𝛿 rather than a comparison of known methods,
togetherwith two accompanying finite-block questions:
(a) whether pooled cumulant calibration stabilises the
PMM2 weights at 𝑁 = 1024; and (b) whether the
Newey–West HAC correction is required for reliable
interval inference under autocorrelated RF residuals.

2 PMM Estimators

The OLS estimate of the amplitude in (1) is

𝐴OLS =
y⊤s

s⊤s
. (4)

OLS remains unbiased under zero-mean non-Gaussian
noise, but it is not generally efficient.

For the asymmetric track, PMM2 uses the quadratic
score

𝜓(𝜀) = 𝑐1𝜀+ 𝑐2(𝜀
2 −𝑚2), (5)

where 𝑚2 is the noise variance. The optimal weights are
determined by skewness 𝛾3 and excess kurtosis 𝛾4:

𝑐1 =
2 + 𝛾4

2 + 𝛾4 − 𝛾23
, 𝑐2 =

−𝛾3
2 + 𝛾4 − 𝛾23

. (6)

The corresponding theoretical variance-reduction coeffi-
cient is

𝑔2 = 1− 𝛾23
2 + 𝛾4

. (7)

Thus PMM2 can help only when the asymmetry is strong
enough to be estimated reliably.

For symmetric platykurtic noise, PMM3 uses the
cubic score

𝜓(𝜀) = 𝜀(𝜅− 𝜀2), (8)

with

𝜅 =
𝑚6 − 3𝑚4𝑚2

𝑚4 − 3𝑚2
2

. (9)

The theoretical coefficient for this track is

𝑔3 = 1− 𝛾24
6 + 9𝛾4 + 𝛾6

. (10)

PMM3 is activated for nearly symmetric platykurtic
residuals. Which family member is actually applied to
a given block is decided by the rule stated in Algo-
rithm 1 (Section 3), whose thresholds are multiples of
the standard errors of the cumulant estimates.

The PMM2/PMM3 score functions are the integer
(power) representatives of the wider, continuously
parameterized PATP family [12], in which the basis
𝜙𝑖(𝜀;𝛼) = sign(𝜀) |𝜀|𝑝𝑖(𝛼) is governed by an exponent
𝛼 ∈ [0, 1] through the map

𝑝𝑖(𝛼) =
1
𝑖 +

(︁
4− 𝑖− 3

𝑖

)︁
𝛼+

(︁
2𝑖− 4 + 2

𝑖

)︁
𝛼2, (11)

which interpolates three regimes: fractional (𝛼 = 0 ⇒
𝑝𝑖 = 1/𝑖, low-order fractional moments for heavy tails in
the spirit of FLOM [13]), degenerate linear (𝛼 = 1/2 ⇒
𝑝𝑖 = 1, coinciding with OLS), and power (𝛼 = 1 ⇒ 𝑝𝑖 =
𝑖). For 𝑆 = 2 the leading fractional term is realized as
the score sign(𝜀)|𝜀|𝑝2(𝛼), and the classical coefficient 𝑔2
corresponds to the value at 𝛼 = 1. This yields a single
estimator that continuously spans the range from heavy-
tailed impulsive noise (where integer moments diverge)
to the platykurtic regime.
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3 Methodology and the Selection

Rule

3.1 Two dispatch rules

Two dispatch rules appear in this paper and must not
be confused. The base rule, used for the AUTO column of
Table 2 and for the audit of Section 5.3, is the dispatcher
shipped with the PMMR package (see Code availability):
it routes to PMM2 when |𝛾3| > 1, or when |𝛾3| > 0.3
and the theoretical factor 𝑔2 = 1 − 𝛾23/(2 + 𝛾4) is below
0.95, to PMM3 when |𝛾3| ≤ 0.3 and 𝛾4 < −0.7, and to
OLS otherwise. The extended rule AUTO_EXT, used for
the heavy-tailed and real-RF experiments of Sections 5.2
and 5.4, adds a guard against divergent moments and a
fractional branch; it is stated in full as Algorithm 1. The
two rules coincide on Gaussian and platykurtic blocks
and differ where the sample kurtosis is extreme.

3.2 Algorithm 1: AUTO_EXT

Algorithm 1. AUTO_EXT: selection of a family
member from the block cumulants.

Input: noise block 𝑥[1..𝑁 ]; pooled exponent 𝛼pool (or
none); threshold scales 𝑘3, 𝑘4; divergence bound 𝐷; heavy-tail
threshold 𝐹 ; marginal-gain threshold 𝐺 (default 0.95).
Output:member𝑚 ∈ {OLS,PMM2,PMM3,PMM_FRAC(𝛼)}

1 if 𝑁 < 2: return OLS (cumulants undefined)
2 𝛾3 ← skew(𝑥); 𝛾4 ← kurt(𝑥) (Fisher, bias-corrected)

3 𝜏3 ← 𝑘3
√︀

6/𝑁 ; 𝜏4 ← 𝑘4
√︀

24/𝑁 (𝑁-scaled gates)
4 if 𝛾4 not finite or 𝛾4 > 𝐷: (Level 0: divergent moments)
5 return PMM_FRAC(𝛼pool) if 𝛼pool ̸= none, else OLS
6 if |𝛾3| > 𝜏3: (Level 1: asymmetric)
7 𝑔2 ← 1− 𝛾2

3/(2 + 𝛾4)
8 return OLS if 𝑔2 ≥ 𝐺 (predicted gain < 1−𝐺)
9 return PMM2
10 if 𝛾4 < −𝜏4: return PMM3 (Level 2: platykurtic)
11 if 𝛾4 > 𝐹 : (Level 3: heavy-tailed)
12 return PMM_FRAC(𝛼pool) if 𝛼pool ̸= none, else OLS
13 return OLS (Level 4: intermediate / Gaussian)

Threshold rationale. The thresholds are not free
constants but multiples of the standard error of the
corresponding cumulant, so that they scale automatically
with the block length: 𝜏3 = 𝑘3

√︀
6/𝑁 and 𝜏4 = 𝑘4

√︀
24/𝑁 .

The values 0.3 and −0.7 used here correspond to 𝑘3 =
3.92 and 𝑘4 = 4.57 at 𝑁 = 1024, i.e. roughly four
standard errors: a branch is activated only when the
departure from Gaussianity is reliably distinguishable
from the estimation error. The optimality of 𝑘3, 𝑘4 is
verified empirically by a sweep (Section 5.3) rather than
postulated.

The marginal-gain guard. Step 8 routes a block
back to OLS when the predicted variance reduction 1−𝑔2
is below 1 − 𝐺 = 5%. Measured offline over the 37 500
blocks of the fifteen Monte Carlo sets used in this paper,
the guard reroutes 5.46% of blocks and changes the esti-
mate by less than 10−15 in relative terms, because at
𝑔2 ≥ 0.95 the PMM2 and OLS estimates are numerically

indistinguishable. Its role is to remove the risk of apply-
ing noisy cumulant weights where there is no gain to be
had, not to improve accuracy.

Safety by construction is not a guarantee.

Every branch that cannot compute reliable weights —
too short a block, divergent moments with no pooled
exponent available, or an intermediate regime — returns
OLS. This makes OLS the default of the rule by
construction, but it does not by itself guarantee 𝑅𝐸 ≥ 1:
a branch that fires may still select a member that is worse
than OLS on that particular block. Section 5.3 measures
how often this happens.

Idealised input. In all experiments the rule is
evaluated on the noise block itself rather than on OLS
residuals. For the one-regressor model (1) the difference
is a projection on a single direction, i.e. a relative shift
of order 𝑂(1/𝑁), but the reported figures are therefore
those of a dispatcher with ideal access to the noise; a
deployed pipeline would compute the cumulants from
𝜀 = 𝑦 −𝐴𝑠.

3.3 Monte Carlo protocol and uncer-
tainty quantification

All PMM computations were performed through the
R package EstemPMM v0.4.0 (see Code availability); the
fractional PATP branch is implemented by a separate
IRLS solver. Each Monte Carlo trial used one signal block
of length 𝑁 = 1024. The true amplitude was sampled
from Uniform(0.5, 2.0), and the same realization was
passed to all estimators, producing paired comparisons.

Six estimators were evaluated: OLS, per-block
PMM2, per-block PMM3, automatic dispatch, PMM2
with pooled cumulants, and PMM3 with pooled
cumulants. The pooled variants estimate the distributi-
onal parameters from 200 calibration blocks of the same
SNR bucket and then keep the PMMweights fixed for the
evaluated block. This reduces the standard error of the
cumulant estimates by approximately a factor of

√
200.

Definition of relative efficiency. RE is reported
in two forms. Where all moments are finite (Sections 5.1
and 5.2, platykurtic regime) 𝑅𝐸 = MSEOLS/MSE is
used. Where the noise has infinite variance the sample
MSE does not converge, and RE is defined as the ratio
of medians of squared errors, med(𝑒2OLS)/med(𝑒2), with
a paired percentile bootstrap over noise blocks (2000
resamples, the same block indices applied to numerator
and denominator, so that the common-random-number
pairing is preserved). Replacing a mean-based dispersion
measure by a median-based one is the standard remedy
when the underlying moment need not exist [14]. A 1%
upper-trimmed-mean variant is reported in Table S5 of
the supplementary material and preserves the ordering
of the methods.

Silent fallback to OLS. When the iterative solver
fails to converge, the implementation falls back to the
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OLS estimate for that block. This is reported explicitly
wherever it matters: on 𝛼-stable noise with 𝛼𝑠=1.2 the
fractional solver converges on 38.3% of blocks, so on the
remaining 61.7% AUTO_EXT is literally OLS.

Standard errors. For uncertainty quantification,
the sandwich variance of an M-estimator is

𝜎2(𝐴) =

∑︀
𝑖 𝜓

2(𝜀𝑖)𝑠
2
𝑖

(
∑︀

𝑖 𝜓
′(𝜀𝑖)𝑠2𝑖 )

2 . (12)

When the residuals are autocorrelated, the numerator
is replaced by a Newey–West HAC estimate with the
Bartlett kernel:

𝜎2
HAC(𝐴) =

∑︀𝐿
𝑗=−𝐿

(︁
1− |𝑗|

𝐿+1

)︁∑︀
𝑡 𝑧𝑡𝑧𝑡−𝑗

(
∑︀

𝑡 𝑠
2
𝑡 )

2 , (13)

where 𝑧𝑡 = 𝑠𝑡𝜓(𝜀𝑡) for the PMM tracks and 𝑧𝑡 = 𝑠𝑡𝜀𝑡
for OLS [15, 16]. For the PMM3 score (8) the derivative
entering (12)–(13) is 𝜓′(𝜀) = 𝜅− 3𝜀2. The lag parameter
was set to 𝐿 = ⌊4(𝑁/100)2/9⌋, which gives 𝐿 = 6 for
𝑁 = 1024; data-driven alternatives to this fixed rule are
available [17], and the finite-sample behaviour of kernel
HAC estimators, including their downward bias and the
resulting under-coverage at moderate 𝑁 , is analysed in
[18,19].

4 Datasets

The datasets used cover qualitatively different noise
regimes. The first two are the basis for PMM2/PMM3:
a synthetic polygaussian set with leptokurtic mixture
noise (which probes the PMM2 branch) and a realnoise
set built from RadioML2018 over-the-air recordings [20]
by subtracting the clean reference signal from the noi-
sy recording (which preserves the empirical platykurtic
RF residuals without a parametric model). To test both
wings of the PATP family we add controlled synthetic
regimes: heavy-tailed 𝛼-stable (𝛼𝑠 ∈ {1.2, 1.5, 1.8, 2.0})
and Student-t (𝜈 ∈ {3, 5, 10,∞}), and platykurtic uni-
form / Beta(2,2) / generalized-Gaussian (𝛽=4). The real
impulsive RF consists of leptokurtic blocks (𝛾4 > 3,
|𝛾3| < 0.5) extracted from over-the-air I/Q recordings

of two independent drones (DJI Mavic and Parrot Disco,
OcuSync, Tampere).

Table 1 Dataset comparison

Dataset Blocks 𝛾3 𝛾4 (med.) Purpose

Synthetic polygauss 100k +0.08± 0.66 +0.50 PMM2 (leptokurtic)
RadioML2018 realnoise 100k +0.00± 0.09 −0.46 PMM3 (platykurtic)
𝛼-stable 𝛼𝑠=1.2−1.8 8k ≈ 0 31−326 fractional (heavy tails)
Student-t 𝜈=3, 5, 10 8k ≈ 0 12, 2.9, 0.9 fractional (heavy tails)
unif. / Beta(2,2) / GG(𝛽=4) 8k ≈ 0 −1.2, −0.85, −0.81 power PMM3 (platykurtic)
𝛼𝑠=2.0 / 𝜈=∞ 8k ≈ 0 ≈ 0 Gaussian control
DJI Mavic / Parrot Disco (real) 661 / 693 +0.0± 0.2 6.8 / 5.5 real impulsive RF†

†The two drone sets come from one over-the-air recording per

drone (𝑛rec = 1). Their blocks are therefore not independent —

they share a channel, a receiver and a capture session — so the

drone results are reported descriptively, with no p-values and no

claim of generalisation across sources or receivers (Table S1 of the

supplementary material).

The synthetic polygaussian residuals are leptokurtic; the
RadioML residuals are nearly symmetric and platykurtic
(the primary test of PMM3). The 𝛼-stable and Student-t
sets define a controlled heavy-tailed regime (the fracti-
onal branch), the uniform/Beta/GG sets a platykurtic
one (the power branch of PMM3), and the real drone
blocks an empirical impulsive RF case; 𝛼𝑠=2.0 and 𝜈=∞
are Gaussian controls used to verify the absence of
degradation.

5 Experimental Results

5.1 Finite-block behaviour of PMM2
and PMM3

Table 2 summarizes the main MSE and coverage results.
On synthetic polygaussian noise, OLS remains the best or
tied-best estimator. Per-block PMM2 degrades strongly
because 𝛾3 is too noisy at 𝑁 = 1024. This is not
a contradiction of PMM theory; it is a finite-block
cumulant-estimation failure. Once the cumulants are
pooled over calibration blocks, PMM2 recovers to OLS-
level MSE.
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Table 2 MSE and empirical 95% coverage. HAC coverage uses Newey–West/Bartlett standard errors with 𝐿 =
⌊4(𝑁/100)2/9⌋ = 6 at 𝑁 = 1024; “—” means no HAC variant is computed for that estimator. AUTO is the base
dispatch rule of Section 3 (not AUTO_EXT)

Method Synthetic Realnoise

MSE Cov. Cov. (HAC) MSE Cov. Cov. (HAC)

OLS 6.77×10−4 0.942 0.984 3.28×10−3 0.724 0.924
PMM2 1.88×10−2 0.914 0.924 3.51×10−3 0.721 0.920
PMM3 7.54×10−4 0.970 0.981 2.76×10−3 0.725 0.922
AUTO (base rule) 7.27×10−3 0.928 — 2.96×10−3 0.724 —
PMM2_POOL 6.77×10−4 0.972 — 3.28×10−3 0.724 —
PMM3_POOL 7.20×10−4 0.974 — 2.92×10−3 0.729 —

Monte-Carlo standard error of a coverage estimate at 𝑛 = 2500 is ≈ 0.005; the 95% interval for the PMM3 HAC coverage on realnoise

is [0.912, 0.933]. The 2500 blocks come from a single real-noise dataset, so these are within-dataset Monte-Carlo statements about

coverage, not statements about generalisation across recordings. On the synthetic set the residuals are essentially uncorrelated, so the

HAC correction is unnecessary and over-covers (0.981–0.984 against a nominal 0.95): the correction is needed where autocorrelation is

present, and is merely conservative where it is not.
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Fig. 1. MSE versus SNR for amplitude estimators on the synthetic polygaussian dataset. Per-block PMM2 is
unstable, whereas pooled PMM2 recovers to the OLS level

The AUTO column of Table 2 is the base dispatcher
of Section 3; its 7.27 × 10−3 on the synthetic set is an
order of magnitude above OLS, which Section 5.3 traces
to the same per-block PMM2 instability.

On real RF residuals, PMM3 gives the lowest MSE:
2.76 × 10−3 versus 3.28 × 10−3 for OLS. On the
platykurtic subset (𝛾4 < −0.7, |𝛾3| < 0.3, 𝑛 = 551),

the relative efficiency reaches 1.74. This confirms that
PMM3 is useful when the residual distribution matches
its symmetric platykurtic operating region. The same
threshold, however, is shown in Section 5.3 to be too
strict for these data: the regret-minimising gate is wider,
𝛾4 < −0.50 instead of −0.70.
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Fig. 2. Relative efficiency of PMM3 versus estimated excess kurtosis on the realnoise dataset. PMM3 is beneficial
in the platykurtic region and should not be used as a universal replacement for OLS

5.2 The family is two-sided

We now treat PMM/PATP not as separate tracks but
as a single family spanning the full range of non-Gaussian
noise, and we compare it with a standard robust baseline
— the Huber M-estimator [5] (𝑐 = 1.345). All runs are
Monte Carlo with 2500 realizations per dataset.

Because the 𝛼-stable law with 𝛼𝑠 < 2 has infinite
variance, the sample MSE of OLS is not a convergent
quantity: at 𝛼𝑠=1.2 a single replicate out of 2500 car-
ries 68% of the OLS sum of squared errors, and the
mean-based RE ranges from 2.2 × 103 to 4.3 × 104

across five nominally identical Monte Carlo cells. We
therefore use the median-based RE of Section 3. Under
this well-defined functional the heavy-tail gains are large
but finite: at 𝛼𝑠=1.2 the oracle bound PATP* reaches
𝑅𝐸 = 38.8 [33.8; 44.5] and the Huber baseline 74.1 [64.0;
87.4], whereas the practically achievable adaptive rule
AUTO_EXT — which selects 𝛼 from pooled cumulants
rather than from the true amplitude — reaches 6.41 [4.96;
8.26]. PATP* must be read as an oracle upper bound: 𝛼*

is chosen post hoc as the argmax of RE over the sweep
grid, so it bounds what the fractional branch can deliver,
not what it delivers in deployment, and the remaining
gap to AUTO_EXT — a factor of about six at 𝛼𝑠=1.2
and below two for 𝛼𝑠 ≥ 1.8 and for Student-t — is
the price of estimating 𝛼 from data. Under the same
functional the Huber M-estimator remains the strongest
single method in the heavy tails, which is expected:

any sublinear score beats OLS almost without bound on
infinite-variance noise.

The distinction is on the other side. On the platykurtic
side Huber is significantly below unity on all three sets
(0.88–0.98, upper confidence limits below 1), because its
robust down-weighting attenuates large residuals exactly
where short tails call for the opposite, whereas the
PMM/PATP family gains through the power term of
PMM3 (up to 2.96 [2.62; 3.41] on the uniform set) and
returns exactly OLS on both Gaussian controls.

Within the fractional branch the gain rises monotoni-
cally with tail weight and 𝛼* shifts from the linear
edge (𝛼=1/2, Gaussian) towards the fractional edge
(𝛼 → 0); optimising 𝛼 outperforms the fixed cumulant-
based PMM_FRAC (6.26 [5.41; 7.05] versus 2.29 [2.02;
2.53] at 𝛼𝑠=1.5), at the cost of being an oracle. On
the platykurtic side, where all moments are finite, the
median- and mean-based numbers agree to within about
6% (uniform: 3.15 versus 2.96), which confirms that the
instability is confined to the infinite-variance regime and
leaves the two-sidedness conclusion unchanged.

The same recomputation also corrects the integer
branch: the mean-based 𝑅𝐸 = 1.11 of PMM3 at 𝛼𝑠=1.2
was an artifact of the few replicates on which the solver
falls back to OLS, and its median-based efficiency is 5.08
[4.45; 5.87]; conversely, the fractional solver converges on
only 38.3% of the 𝛼𝑠=1.2 blocks, so AUTO_EXT coin-
cides with OLS on the remaining 61.7% — a limitation
of the practical branch that we state explicitly.
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Table 3 Relative efficiency vs. OLS, heavy-tailed regime (fractional branch). RE is the ratio of medians of squared

errors, med(𝑒2OLS)/med(𝑒2); brackets give the 95% paired bootstrap interval (2000 resamples over noise blocks).
PATP* is an oracle upper bound (𝛼* selected post hoc as the argmax of RE over the sweep grid, knowing the true
amplitude); AUTO_EXT is the practically achievable adaptive rule (𝛼 from pooled cumulants)

Distribution med. 𝛾4 Huber PMM3 PMM_FRAC PATP* (oracle) 𝛼* AUTO_EXT (practical)

𝛼-stable 𝛼𝑠=1.2 326 74.1 [64.0; 87.4] 5.08 [4.45; 5.87] 6.41 [4.93; 8.35] 38.8 [33.8; 44.5] 0.0 6.41 [4.96; 8.26]
𝛼-stable 𝛼𝑠=1.5 156 8.21 [6.97; 9.29] 2.74 [2.32; 3.10] 2.29 [2.02; 2.53] 6.26 [5.41; 7.05] 0.0 2.29 [2.03; 2.54]
𝛼-stable 𝛼𝑠=1.8 32 1.94 [1.74; 2.19] 1.57 [1.40; 1.74] 1.22 [1.10; 1.34] 1.77 [1.59; 2.00] 0.0 1.20 [1.10; 1.32]
Student-t 𝜈=3 12 1.84 [1.64; 2.12] 1.33 [1.17; 1.51] 1.33 [1.21; 1.48] 1.79 [1.59; 2.02] 0.0 1.28 [1.16; 1.40]
Student-t 𝜈=5 2.9 1.27 [1.16; 1.39] 1.18 [1.09; 1.30] 1.25 [1.13; 1.37] 1.23 [1.14; 1.34] 0.0 1.08 [1.02; 1.20]
Student-t 𝜈=10 0.9 1.04 [0.96; 1.13] 1.06 [0.98; 1.14] 1.00 [0.95; 1.07] 1.00 [0.95; 1.07] 0.3 1.01 [0.98; 1.05]
𝛼𝑠=2.0 (control) ≈ 0 0.98 [0.90; 1.04] 0.99 [0.94; 1.02] 1.00 1.00 0.5 1.00
𝜈=∞ (control) ≈ 0 0.92 [0.86; 0.98] 1.01 [0.97; 1.05] 1.00 [0.99; 1.01] 1.00 0.5 1.00

𝛼* uses the same grid and the same selection rule as in the mean-based version; re-selecting 𝛼* under the median criterion changes
none of the heavy-tailed rows (𝛼* = 0 either way) and differs only on the near-Gaussian controls, where 𝑅𝐸 ≈ 1 and the argmax is

noise-driven. At 𝛼𝑠=1.2 and 1.5 the PMM_FRAC and AUTO_EXT columns are the same estimator — the rule routes every block to
the fractional branch — so their point estimates coincide and the two intervals differ only by bootstrap resampling noise; at 𝛼𝑠=1.8
the rule routes part of the blocks elsewhere and the columns genuinely differ. The Gaussian control was a single merged row in the

previous version; it is split here into the two actual sets, whose median-based numbers differ (Huber 0.98 and 0.92). A 1%
upper-trimmed variant preserves the ordering of the methods but is still unstable at 𝛼𝑠=1.2 for PMM3 (21.8 [3.5; 25.5]); the
median-based figure is therefore the headline and the trimmed one is reported in Table S5 of the supplementary material.

Table 4 Relative efficiency vs. OLS, platykurtic regime (power branch); same median-based definition and bootstrap
as Table 3. All moments are finite here, so mean- and median-based numbers agree closely

Distribution 𝛾4 Huber PMM3 PATP-frac* (oracle) AUTO_EXT (practical)

Uniform −1.20 0.983 [0.945; 0.995] 2.96 [2.62; 3.41] 1.00 2.96 [2.62; 3.43]
Beta(2,2) −0.85 0.88 [0.82; 0.91] 1.39 [1.22; 1.54] 1.00 1.38 [1.21; 1.53]
Gen. Gaussian 𝛽=4 −0.81 0.91 [0.86; 0.93] 1.35 [1.22; 1.50] 1.00 1.33 [1.21; 1.47]
Gaussian ≈ 0 0.92 [0.86; 0.99] 1.01 [0.97; 1.05] 1.00 1.00

Huber is significantly below unity on all three platykurtic sets (upper confidence limits below 1), while PMM3/AUTO_EXT deliver

1.33–2.96 and exactly 1.00 on the Gaussian control. The two-sidedness conclusion is unchanged by the switch to the robust functional.
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real RF is descriptive and appears in Table S1 of the supplementary material

5.3 What the selection rule costs

Section 3 justified the thresholds of Algorithm 1
as roughly four standard errors of the corresponding
cumulant. This section measures what that choice costs.

Against a per-block oracle that always picks the
estimator with the smallest squared error, the base di-
spatcher chooses a suboptimal member in 65.0% of the
synthetic blocks and 69.9% of the real-noise blocks. The
resulting regret, MSE(AUTO)/MSE(oracle), is 1.220
[1.188; 1.261] on real noise and 16.19 [9.79; 24.24] on

the synthetic set. The per-block oracle is optimistically
biased, since it partly selects on estimation noise; an
oracle restricted to one decision per 𝛾4 decile — the same
information the rule itself has — gives 1.075 and 11.28
respectively. Sweeping 𝑘 over [0.5, 8] shows that on real
noise the rule is close to its own optimum: the minimum
regret, 1.166, is attained at 𝑘* = 3.25, only 4.6% below
the value at the thresholds used here, so those thresholds
are not tuned to the data — but they are slightly too
conservative, and the optimum moves towards a wider

PMM3 region (𝛾4 < −0.50 instead of −0.70).
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Two negative findings must be stated explicitly. First,
on real noise the rule is beaten by the trivial constant
policy “always PMM3” (MSE ratio to OLS 0.902 versus
0.841), because the 𝛾4 < −0.7 gate rejects 922 blocks on
which PMM3 is in fact the best estimator. Second, on
the synthetic polygaussian set no value of 𝑘 makes the
rule competitive: regret decreases monotonically to the
edge of the grid, and the dispatcher remains 10.7× worse
than plain OLS, because it inherits the per-block PMM2
instability at 𝑁 = 1024 documented in Section 5.1; this
ratio is tail-driven — ten of 2500 blocks carry 55.9% of
the total squared error, and the median-based ratio is
1.37.

Misclassification is concentrated where the theory
predicts: on real noise it is 35.6% in the deeply
platykurtic decile (𝛾4 < −0.93) and rises to 77–83% in
the deciles adjacent to the threshold, where the distance
to the threshold is comparable to SE(𝛾4) =

√︀
24/𝑁 =

0.153. A hard threshold on a noisy cumulant is thus
the weak point of the current rule. The safe operat-
ing recommendation that follows is conditional rather
than automatic: per-block PMM3 on nearly symmetric
platykurtic RF residuals, pooled cumulants for PMM2
whenever PMM2 is used at all, and OLS elsewhere. The
full audit — the confusion matrices against the oracle, the
misclassification rate broken down by 𝛾4 decile, and the
constant-policy comparison — is given in Tables S2–S4
and Fig. S1 of the supplementary material.

5.4 Interval inference and real RF

On the real-noise dataset, naive sandwich standard
errors give only about 0.72 empirical coverage for every
point estimator. With the Newey–West HAC correc-
tion, coverage rises to 0.924 for OLS, 0.920 for PMM2
and 0.922 for PMM3 (𝑛 = 2500; Monte-Carlo standard
error of a coverage estimate ≈ 0.005). The three
HAC coverages are statistically indistinguishable (exact
McNemar on paired blocks: 𝑝 = 0.60 for PMM3 versus
OLS, 𝑝 = 0.66 for PMM3 versus PMM2), so the
recommended estimator, PMM3, is not paid for by a
loss of interval validity: it attains the same coverage
as OLS while reducing the MSE from 3.28 × 10−3 to
2.76 × 10−3. The correction itself is large — the median
HAC-to-sandwich standard-error ratio is 1.75 for PMM3
and about 1.81 for OLS and PMM2 — which confirms
that the RF residuals are strongly autocorrelated.

A residual gap of roughly three percentage points
below the nominal 0.95 remains for all three estimators,
and at the lowest SNR (−5 dB) coverage falls further, to
0.908–0.916. This gap is a property of the finite-sample
Newey–West estimator at 𝑁 = 1024 (finite truncation
lag 𝐿 = ⌊4(𝑁/100)2/9⌋, downward bias of the long-run
variance [18, 19]), not of the PMM weighting; intervals
computed on single 𝑁 = 1024 blocks should therefore be
read as slightly optimistic. No tuning was performed: 𝐿
follows the standard rule and 𝜅 is taken from the PMM fit

as is. Closing the remaining three points would require a
different long-run variance estimator (prewhitened HAC
or a block bootstrap) and is left for future work.

Real impulsive RF. Table S1 of the supplementary
material reports the leptokurtic OcuSync blocks of the
two drones. These numbers are descriptive: all blocks of
a given drone come from a single recording (𝑛rec = 1),
so the intervals describe block-to-block dispersion within
one recording and support no p-value and no claim of
generalisation to other units or receivers. Read that way,
three points stand out. First, the spread between functi-
onals exceeds any confidence interval — Huber on the
Parrot recording is 2.86 under the mean-based definition
and 302 under the median-based one — because the
OLS error on a real block is dominated by a determi-
nistic per-block offset that any robust score removes on
most blocks and none removes on a minority of them.
We therefore report all three functionals and give no
single headline number for real RF. Second, the gain is
source-dependent: on the Parrot recording the fractional
branch gains under every functional, whereas on the
Mavic recording the gains are marginal on the mean-
based and trimmed functionals (1.02–1.03). Third, the
integer PMM3 is in the wrong regime on the Mavic blocks
and loses (median-based 𝑅𝐸 = 0.55 [0.44; 0.70]), which
is consistent with the regime map: leptokurtic blocks are
not the operating region of the cubic score. The boundary
is therefore narrower than a single number suggests: on
real RF the fractional branch is useful, its magnitude
depends on the structure of the source, and one recording
per drone is not enough to say more.

6 Discussion

The results suggest four conservative rules for SDR
practice.

First, PMM2 should not be applied with per-block
cumulants when the skewness is weak relative to the
sampling error of 𝛾3. At 𝑁 = 1024, the standard error
of the skewness is approximately

√︀
6/𝑁 = 0.077, which

makes small skewness estimates unreliable. Pooled cali-
bration is therefore not a cosmetic refinement but a
requirement for the stability of PMM2.

Second, PMM3 is the practical winner for the real RF
residuals considered here. The reason is structural: the
residuals are nearly symmetric and platykurtic, so the
cubic score matches the observed distributional regime.
The gain is not uniform over all blocks; it is concentrated
where the excess kurtosis is sufficiently negative. On
these data the constant policy “always PMM3” is in fact
better than the adaptive rule (MSE ratio to OLS 0.841
versus 0.902), which is the practical form of the same
finding.

Third, confidence intervals in RF amplitude estima-
tion cannot be interpreted without checking for auto-
correlation. The under-coverage of the naive sandwich
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intervals is large enough to change the conclusions about
estimator reliability. HAC correction is a simple and large
improvement — it recovers about 20 percentage points of
coverage — but it does not fully restore the nominal level
at 𝑁 = 1024.

Fourth, PMM/PATP should be regarded as a single

two-sided family that covers both non-Gaussian edges
and degenerates at the centre. The power term (PMM3)
gains on the platykurtic side, the fractional branch with
𝛼-optimisation gains in the heavy tails (𝛼* → 0), and on
the Gaussian controls the family returns exactly OLS
(𝑅𝐸 = 1.00). This is a structural advantage over a
one-sided robust baseline: the Huber M-estimator gains
substantially in the heavy tails, but is significantly below
OLS on the platykurtic side (median-based 𝑅𝐸 = 0.88–
0.98) and loses 2–8% on the Gaussian controls, because
it always down-weights large residuals.

The adaptive rule AUTO_EXT implements this two-
sidedness — the divergent-moment guard prevents the
inflated sample skewness of a heavy-tailed block from
falsely triggering PMM2, and the marginal-gain guard
keeps a negligible theoretical advantage from being paid
for with noisy weights — but “adaptive” is not the same
as “free”: measured against a per-block oracle the rule is
suboptimal on about two thirds of the blocks, its regret is
1.22 on real RF noise, it is beaten there by the constant
policy “always PMM3”, and on the synthetic polygaus-
sian set it inherits the per-block PMM2 instability and
ends up an order of magnitude worse than OLS. The
weak point is identified: a hard threshold on a cumulant
whose standard error is comparable to the distance to
that threshold. The natural extension follows directly
— a soft weighting between neighbouring members, or
a threshold scale calibrated on SE(𝛾4), would remove
the near-threshold randomness. Two caveats remain: for
𝑆 = 2 the fractional branch covers only moderately
heavy tails (𝛼𝑠 ≳ 1.5, where the 𝜈3/2 moment exists; the
Cauchy is excluded), and a formal central limit theorem
for the PATP estimator remains open, so uncertainty
there is assessed empirically (sandwich/HAC).

Limitations. Five limitations bound these conclusi-
ons. (a) The dispatch rule is evaluated on the noise block
itself rather than on OLS residuals; for the one-regressor
model the difference is 𝑂(1/𝑁), but the reported fi-
gures are those of an idealised input. (b) The audit of
Section 5.3 characterises the base rule; AUTO_EXT is
characterised only through its efficiency in Tables 3–
4 and Table S1, and a per-block oracle audit of
AUTO_EXT on heavy-tailed data remains to be done.
(c) At 𝛼𝑠=1.2 the fractional solver converges on 38.3% of
blocks, so the reported AUTO_EXT efficiency is that of
a rule which is OLS on the majority of blocks; improving
the solver would raise it, and the number should be read
as a lower bound for the branch and an upper bound
for the current implementation. (d) The real-RF results
rest on one recording per drone; they are descriptive

and carry no inference across sources or receivers, and
the same caveat applies to the real-noise dataset, whose
2500 blocks come from a single RadioML2018 noise bank.
(e) HAC coverage remains about three percentage points
below nominal at 𝑁 = 1024 for every estimator; a formal
central limit theorem for the PATP estimator is still
open, so its uncertainty is assessed empirically only.

These conclusions should not be over-generalized.
The RadioML2018 residuals are a useful open RF source,
but they do not cover all hardware chains, modulation
settings, interference types, or field deployments. The
next step is to repeat the same protocol on wider SDR
recordings with receiver metadata and controlled channel
conditions.

Conclusions

PMM can improve SDR amplitude estimation under
non-Gaussian RF noise, but only when its distributi-
onal assumptions are respected, and the choice among
family members is itself a measurable decision problem
rather than a free lunch. PMM3 reduces MSE on real
platykurtic RF residuals (2.76×10−3 versus 3.28×10−3)
and, with Newey–West HAC standard errors, attains the
same empirical coverage as OLS (0.922 versus 0.924),
so the point-estimate gain is not paid for with interval
validity; the residual three-point gap below the nominal
0.95 applies to all estimators alike and is a finite-sample
property of the HAC estimator. PMM2 is unsafe with
per-block cumulants at 𝑁 = 1024 unless the skewness is
strong; pooled calibration restores it to the OLS baseline,
not above it. The fractional PATP branch covers the
heavy-tailed impulsive regime where the integer tracks
do not apply, and under a well-defined median-based
efficiency its practically achievable gain at 𝛼𝑠=1.2 is 6.41
[4.96; 8.26] against an oracle upper bound of 38.8 [33.8;
44.5]. Together the two branches form a two-sided fami-
ly that gains on both non-Gaussian edges and returns
exactly OLS on the Gaussian controls, unlike a one-sided
robust M-estimator.

The adaptive AUTO_EXT rule automates this
selection, and we report the cost of the automation: a
suboptimal member on 65–70% of blocks, regret 1.22 on
real RF noise, and a failure mode on synthetic polygaus-
sian noise where the rule is an order of magnitude worse
than OLS. The safest operational strategy is therefore
conditional rather than unconditional dispatch — per-
block PMM3 on nearly symmetric platykurtic residuals,
pooled cumulants whenever PMM2 is used, the fractional
branch for heavy tails, and OLS by default — with a soft,
SE-calibrated selection rule as the natural next step.
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Code availability

All PMM computations were performed with
the R package EstemPMM: Zabolotnii, S. (2026)
EstemPMM: Polynomial Maximization Method for Non-

Gaussian Regression. R package version 0.4.0. Available
at: https://CRAN.R-project.org/package=EstemPMM.
The results were verified to be numerically identi-
cal under package versions 0.3.2 and 0.4.0: the oracle
reference fixture regenerated under 0.4.0 reproduces
every value of the 0.3.2 fixture exactly, and the Monte
Carlo results of Table 2 are bit-identical across the
two versions. The experiment scripts and Monte Carlo
configurations that reproduce every table and figure
in this article are available at https://github.com/

SZabolotnii/sdr-kunchenko.
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Оцiнювання амплiтуди SDR-сигналу
методом PMM за негаусiвського радiо-
частотного шуму

Заболотнiй С. В., Коваль В. В., Чепинога А. В.

Оцiнювання амплiтуди за записами baseband-сигналiв
software-defined radio (SDR) стає ненадiйним, коли ади-
тивний радiочастотний (RF) шум вiдхиляється вiд гау-
сiвської моделi, на якiй базується ordinary least squares
(OLS). Замiсть того щоб порiвнювати оцiнювачi попар-
но, у цiй статтi OLS, метод полiномiальної максимiзацiї
другого й третього порядкiв (PMM2, PMM3) та дро-
бову гiлку параметрично-адаптивного перехiдного полi-
нома (PATP) розглянуто як членiв єдиного неперервно
параметризованого сiмейства, а задачу сформульовано як
синтез вирiшального правила, що обирає члена сiмейства
за кумулянтами одного скiнченного блоку, мiнiмiзуючи
regret вiдносно оракульного вибору. Протокол поєднує
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синтетичний полiгаусiвський шум, реальнi RF-залишки з
over-the-air записiв RadioML2018, контрольованi важко-
хвостовi та платикуртичнi режими, а також лептокурти-
чнi блоки з двох записiв дронiв. Поблоковий PMM2 не-
стiйкий при 𝑁 = 1024, бо оцiнка асиметрiї має низьке вiд-
ношення сигнал/шум; pooled-усереднення кумулянтiв за
калiбрувальними блоками повертає його до базового рiв-
ня OLS. На реальному платикуртичному RF-шумi PMM3
зменшує середньоквадратичну похибку з 3, 28 × 10−3 до
2, 76 × 10−3, а стандартнi похибки Newey–West HAC пiд-
нiмають емпiричне 95% покриття всiх трьох точкових
оцiнювачiв приблизно з 0,72 до 0,920–0,924 – включно з
PMM3 (0,922), – що все ще приблизно на три вiдсотковi
пункти нижче номiнального рiвня. У важкохвостовому
режимi вiдносну ефективнiсть подано як вiдношення ме-
дiан квадратiв похибок iз парними bootstrap-iнтервалами,
бо середнє-базована величина не збiгається за нескiнчен-
ної дисперсiї: при 𝛼𝑠=1, 2 оракульна межа PATP* сягає
38,8 [33,8; 44,5], тодi як практично досяжне адаптивне

правило AUTO_EXT – 6,41 [4,96; 8,26]. Сiмейство є двобi-
чним: воно виграє на обох негаусiвських краях i повертає
точно OLS на гаусiвських контролях – на вiдмiну вiд
однобiчного M-оцiнювача Хубера, який втрачає 2–12% на
платикуртичному шумi. Нарештi, кiлькiсно оцiнено, чо-
го коштує dispatch-правило: проти оракула на блок воно
обирає неоптимального члена сiмейства у 65,0% синтети-
чних i 69,9% реальношумових блокiв, iз regret 16,19 та
1,220 вiдповiдно, а на синтетичному наборi воно у 10, 7×
гiрше за звичайний OLS. Тому операцiйна рекомендацiя
є умовною, а не безумовною диспетчеризацiєю: PMM3 –
для майже симетричних платикуртичних RF-залишкiв,
pooled-калiбрацiя – для PMM2, дробова гiлка – для важ-
ких хвостiв, а OLS – завжди, коли кумулянти блоку не
вказують явно на iнше.

Ключовi слова: PMM; PATP; оцiнювання амплiтуди;
SDR; негаусiвський шум; важкохвостий шум; дробовi мо-
менти; кумулянти; HAC; вибiр оцiнювача; regret; медiанна
вiдносна ефективнiсть; RadioML2018
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