
Progress In Electromagnetics Research C, Vol. 172, 507–512, 2026

(Received 10 July 2026, Accepted 13 August 2026, Scheduled 24 August 2026)

Chebyshev Polynomial-Based Adaptive Post-Distorter for
Nonlinear Receiver Compensation

Chongchong Chen1, 2, *, Hongmin Lu1, 2, *, Fulin Wu1, 2, and Yangzhen Qin1, 2

1School of Electronic Engineering, Xidian University, Xi’an 710071, China
2China Academy of Space Technology, Xi’an 710100, China

ABSTRACT: Receiver nonlinearity degrades signal quality in modern wireless systems. This paper proposes an adaptive post-distorter us-
ing Chebyshev polynomials as basis functions to improve numerical stability and convergence speed. Unlike conventional or distribution-
matched bases, the Chebyshev basis ensures a well-conditioned input correlation matrix regardless of signal distribution. This property,
together with the minimax approximation, enables the recursive least squares (RLS) algorithm to converge within a few pilot symbols
— an order of magnitude faster than the power-series basis. Experiments on a real wideband receiver with OFDM and WCDMA signals
show significant ACPR improvements over the power-series and Legendre bases. The proposed approach exhibits robust performance,
fast convergence, and broad applicability.

1. INTRODUCTION

Modern wireless receivers employ wideband modulations
with high peak-to-average power ratios (PAPR). Their

front-end components— low-noise amplifiers (LNAs), mixers,
and analog-to-digital converters (ADCs) — exhibit inherent
nonlinearity, causing spectral regrowth and in-band distortion
that severely degrade signal quality. Digital post-compensation
using memory polynomials (MPs) is a common solution due to
its structural simplicity [1–3].
The field of receiver nonlinear compensation has been

developed by several approaches. Early approaches relied on
Volterra-series-based equalizers [4], which provide a general
framework for modeling nonlinear systems with memory.
However, the number of coefficients grows exponentially with
memory depth and nonlinear order, making real-time imple-
mentation impractical [5]. To reduce complexity, memory
polynomial (MP) models were introduced [6, 7], retaining
only diagonal terms. Yet the standard power-series basis is
non-orthogonal, leading to numerical instability and slow
convergence when adaptive algorithms are employed. More
recently, orthogonal polynomial bases — such as Legendre,
Hermite, and Laguerre — have been explored to improve
conditioning [8–10]. These bases achieve low condition
numbers only when the input distribution matches their re-
spective weight functions (uniform for Legendre, Gaussian for
Hermite, exponential for Laguerre), limiting their applicability
in practical receivers where signal statistics are unknown or
time-varying. Deep-learning-based approaches [11, 12] have
also been proposed, but they require extensive offline training
and significant computational resources, hindering real-time
adaptation.
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A key distinction exists between transmitter predistortion
and receiver post-distortion. In transmitter predistortion, the
original symbols are known, allowing direct error computa-
tion without pilots. In receiver post-distortion, however, trans-
mitted symbols are unknown, making online adaptation funda-
mentally more challenging. Most existing MP compensators
are offline fixed-coefficient models [4–9]. They are trained
once on pre-collected input-output data and then deployed with
static coefficients. They cannot track time-varying nonlineari-
ties (temperature drift, aging) [13, 14] and require cumbersome
data acquisition. Therefore, an online adaptive model that con-
tinuously updates its coefficients using the received signal is
urgently needed.
To address these challenges, this paper proposes an RLS-

based adaptive post-distorter. RLS convergence critically de-
pends on the conditioning of the input correlation matrix. To
ensure a well-conditioned matrix under arbitrary input distri-
butions, we employ Chebyshev polynomials as basis functions.
Chebyshev polynomials are orthogonal on [−1, 1] and possess
the minimax property [15], which guarantees uniform approxi-
mation error across the entire input range—beneficial for high-
PAPR signals. Compared with the conventional power-series
basis, the Chebyshev basis dramatically reduces the condition
number of the input correlation matrix [17], thereby accelerat-
ing RLS convergence. Moreover, unlike Legendre, Hermite,
or Laguerre bases that require exact input distribution match-
ing, the Chebyshev basis maintains a well-conditioned correla-
tion matrix under a wide variety of practical distributions [16].
This distribution-insensitive property makes the Chebyshev-
enhanced RLS post-distorter universally applicable without re-
quiring prior knowledge of signal statistics.
The remainder of this paper is organized as follows. Sec-

tion 2 presents the receiver model and the Chebyshev basis.
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Section 3 describes the adaptive RLS post-distorter. Section 4
provides experimental results. Section 5 concludes the paper.

2. RECEIVER MODEL AND CHEBYSHEV BASIS

2.1. Receiver Nonlinear Model
The receiver front-end is modeled by a memory polynomial
(MP) with complex baseband input x(n) and output y(n):

y(n) =

M∑
m=0

K∑
k=1

ak,mϕk(x(n−m)), (1)

where M is the memory depth, K the nonlinear order, ϕk(·)
the kth basis function, and ak,m complex coefficients. For the
conventional power-series basis, ϕk(x) = x|x|k−1. This basis
suffers from high correlation among different orders, leading to
an ill-conditioned Gram matrix that severely slows down adap-
tive algorithms.
The first-kind Chebyshev polynomial of degree k is defined

on [−1, 1] as Tk(t) = cos(k arccos t). Important properties
include [15]:

• Three-term recurrence: T0(t) = 1, T1(t) = t,
Tk+1(t) = 2tTk(t)− Tk−1(t).

• Orthogonality:
∫ 1

−1
Ti(t)Tj(t)

dt√
1−t2

= 0 for i ̸= j.

• Minimax property: Among all degree-k monic polyno-
mials, 21−kTk(t) minimizes maximum absolute value on
[−1, 1].

We evaluate the condition number κ of input correlation ma-
trix R = E[ϕ(n)ϕH(n)] for different bases under uniform and
Gaussian distributions withM = 3, P = 5. Fig. 1 shows that
the power-series yields extremely high κ regardless of the dis-
tribution; Legendre, Hermite, and Laguerre yield low κ only
when the input matches their weight functions (uniform, Gaus-
sian, exponential). In contrast, the Chebyshev basis maintains
low and steady κ for all tested distributions.
We further examine κ as a function of polynomial order P

(with M = 3) and memory depth M (with P = 3) under
a Gaussian input. Fig. 2(a) shows that the Chebyshev basis

FIGURE 1. Condition number for different bases (M = 3, P = 5).

increases slowly and steadily, whereas the power-series basis
grows exponentially. Fig. 2(b) shows that the Chebyshev basis
remains well-conditioned for all memory depths. These results
confirm the superior numerical properties of the Chebyshev ba-
sis.

2.2. Complex Chebyshev Basis for Post-Distorter
To apply Chebyshev polynomials to complex signals, we first
normalize the received signal magnitude:

ỹ(n) =
y(n)

α(n)
, α(n) = ρα(n− 1) + (1− ρ)|y(n)|, (2)

with ρ = 0.98 ensuring |ỹ(n)| ≤ 1. The complex Chebyshev
basis functions are

ψk(ỹ) = Tk(2|ỹ| − 1) · ỹ

|ỹ|+ ϵ
, (3)

where ϵ = 10−6 prevents division by zero. When |ỹ| = 0, set
ψk(0) = 0. The post-distorter output is

x̂(n) =

M∑
m=0

P∑
k=1

wm,kψk(ỹ(n−m)), (4)

with memory depthM , polynomial order P , and complex co-
efficients wm,k. Define the regressor vector ϕ(n) of length
N = (M + 1)P ; then x̂(n) = wTϕ(n).
The low condition number of the Chebyshev basis, as

demonstrated above, directly translates into fast and stable
convergence of the adaptive RLS algorithm, which is the
subject of the next section.

3. ADAPTIVE RLS POST-DISTORTER USING CHEBY-
SHEV BASIS
3.1. System Integration and Adaptive Procedure
Figure 3 illustrates the overall adaptive post-distortion scheme.
The received signal y(n) is first normalized and then processed
by the Chebyshev basis to form the regressor vector ϕ(n). The
RLS algorithm computes the error between the post-distorter
output x̂(n) and the reference signal, and updates the coefficient
vector w(n) accordingly. The compensated output x̂(n) is sent
to the demodulator and, when in decision-directed mode, the
hard decision is fed back as the reference.
The complete online adaptation procedure consists of three

stages:

1. Offline preparation: Chebyshev basis functions are de-
fined, and normalization parameters are computed from a
short initial data segment.

2. Pilot-assisted RLS training: A short pilot sequence of
Np = 30 symbols is transmitted. For each pilot symbol,
the RLS recursions are executed using the known pilot as
the reference. The system monitors the normalized mean
square error (NMSE) over a sliding window of 5 consec-
utive pilots. When the NMSE falls below −25 dB, the
system is considered converged and switches to the next
stage.
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(a) (b)

FIGURE 2. Condition number versus (a) polynomial order P and (b) memory depthM for different bases.

FIGURE 3. Block diagram of the proposed Chebyshev-based adaptive RLS post-distorter.

3. Decision-directed tracking: After convergence, the sys-
tem switches to decision-directed mode. The RLS updates
continue using hard decisions as the reference. To prevent
error propagation, an error gate is applied: if the instan-
taneous error magnitude exceeds a threshold θ = 0.2, the
coefficient update is skipped for that symbol. This mech-
anism enables the compensator to slowly follow time-
varying nonlinearities while avoiding divergence due to
incorrect decisions.

3.2. RLS Algorithm
We employ the recursive least squares (RLS) algorithm [18] to
update the post-distorter’s coefficient vector w(n). RLS mini-
mizes the exponentially weighted sum of squared errors, lead-
ing to faster convergence than gradient-based methods, espe-
cially when the input correlation matrix is well conditioned.
Define the error signal as

e(n) = xref(n)− wT(n− 1)ϕ(n), (5)

where xref(n) is a reference signal, and ϕ(n) is the regressor
vector built from the Chebyshev basis (see Section 2). The cost
function minimized by RLS is

J(w) =
n∑

i=1

λn−i|e(i)|2, (6)

with forgetting factor 0 < λ ≤ 1.
The standard RLS recursions are as follows. Initialize

w(0) = 0, P(0) = δ−1I (with a small positive δ). For each

time step n = 1, 2, . . . :

g(n) =
P(n− 1)ϕ(n)

λ+ ϕT(n)P(n− 1)ϕ(n)
, (7)

P(n) = λ−1
(
P(n− 1)− g(n)ϕT(n)P(n− 1)

)
, (8)

w(n) = w(n− 1) + g(n)e∗(n). (9)

The per-iteration complexity is O(N2), where N = (M +
1)P is the number of coefficients. For typical values (e.g.,M =
3, P = 5), this is modest and easily handled by modern digital
signal processors or field programmable gate arrays (FPGAs).

3.3. Reference Signal Acquisition
The choice of reference signal xref(n) determines the operating
mode:

• Pilot-assisted mode (initial convergence): At system
start-up or after a significant change in the nonlinearity, a
short pilot sequence of known symbols is transmitted. The
receiver uses these known symbols as xref(n). Because
the Chebyshev basis provides a well-conditioned correla-
tion matrix, the RLS algorithm converges very quickly,
requiring only a few tens of pilot symbols.

• Decision-directed mode (steady-state tracking): Af-
ter initial convergence, the system switches to decision-
directed mode. The reference signal is then obtained by
making hard decisions on the post-distorter output:

xref(n) = dec (x̂(n)) , (10)

where dec(·)maps the soft estimate to the nearest constel-
lation point. The algorithm continues with a slightly larger
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TABLE 1. Average number of pilot symbols to reach −25 dB NMSE and steady-state NMSE.

Method Mean pilots Steady-state NMSE (dB)
Power-series RLS 320 −25

Legendre RLS 156 −30

Volterra RLS 350 −39

Chebyshev RLS (proposed) 26 −37.5

TABLE 2. Complexity comparison.

Method Coeff. Complexity Rel. time Tot. cost
Power-series (M + 1)P O((M + 1)2P 2) 1.0 320
Legendre (M + 1)P O((M + 1)2P 2) 1.1 172
Volterra

∑P
i=0(M + 1)i O((M + 1)2P ) 8.5 2975

Chebyshev (M + 1)P O((M + 1)2P 2) 1.2 31

forgetting factor to track slow variations (e.g., tempera-
ture drift, component aging) without requiring additional
pilots.

The convergence rate of RLS is directly determined by
the eigenvalue spread of the input correlation matrix R =
E[ϕ(n)ϕH(n)]. While RLS converges in at most N steps for
a white input, an ill-conditioned R can severely slow down the
convergence. Thanks to the low condition number ensured by
the Chebyshev basis, the RLS algorithm using Chebyshev poly-
nomials is expected to converge an order of magnitude faster
than the power-series counterpart, regardless of input signal
statistics. Moreover, the distribution-insensitive property of the
Chebyshev basis guarantees that fast convergence is preserved
even when the input distribution changes. Thus, the proposed
Chebyshev-RLS post-distorter is universally applicable with-
out requiring any prior knowledge of signal statistics.

4. EXPERIMENTAL RESULTS
To validate these points, we evaluate the performance using
two high-PAPR realistic signals: an OFDM signal (64 sub-
carriers, 16-QAM modulation, cyclic prefix length 16) and a
3-carrier WCDMA signal. The input-output data used in this
paper are obtained from an actual wideband direct-conversion
receiver [19].
Figure 4 shows the normalized mean-square error (NMSE)

convergence during pilot training (mean over 100 runs). The
power-series RLS converges very slowly, requiring hundreds
of pilot symbols to reach −25 dB NMSE. Legendre RLS con-
verges faster (about 150 pilots) but still suffers from distri-
bution mismatch. Volterra RLS converges even slower than
power-series, taking about 350 pilots to reach −25 dB NMSE,
although its steady-state NMSE reaches −39 dB, slightly bet-
ter than Chebyshev. In contrast, the proposed Chebyshev RLS
converges within only 20–30 pilots — an order of magnitude
faster— achieving−37.5 dBNMSE. This speedup results from
the low condition number ensured by the Chebyshev basis, as
demonstrated in Section 2. Table 1 lists the average number of
pilots required for each method.

FIGURE 4. NMSE convergence during pilot training.

Table 2 compares the number of coefficients, RLS update
complexity, single-iteration relative runtime, and the total com-
putational cost for each method, whereM and P denote mem-
ory depth and nonlinear order, respectively. The total computa-
tional cost is defined as the product of the single-iteration rela-
tive runtime and the number of iterations required to reach con-
vergence (from Table 1). The Chebyshev basis requires slightly
more computation per iteration due to the polynomial recur-
rence and normalization step. However, this overhead is negli-
gible compared to the overall convergence time, as Chebyshev
requires far fewer iterations to converge. Consequently, the to-
tal computational cost of the proposed method is roughly one
order of magnitude lower than that of the power-series baseline.
After convergence, we compute the power spectral density

(PSD) and adjacent channel power ratio (ACPR). Fig. 5 shows
spectra for uncompensated, power-series RLS, Legendre RLS,
and the proposed Chebyshev RLS for two different input sig-
nals, 16-QAM OFDM and 3-carrier WCDMA. Table 3 lists
ACPR values. The uncompensated signal exhibits strong spec-
tral regrowth. Power-series RLS reduces out-of-band emis-
sions only moderately. Legendre RLS provides a clear im-
provement, but still leaves visible sidelobes. The proposed
Chebyshev RLS achieves the most effective suppression with
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(a) (b)

FIGURE 5. Power spectral density after compensation with different input signals. (a) OFDM and (b) 3-carrier WCDMA.

TABLE 3. ACPR obtained with different polynomial bases.

Signal Power series Legendre Chebyshev
OFDM −23.6 −31.5 −37.5

3-carrier WCDMA −22.8 −34.4 −39.3

almost no discernible regrowth, demonstrating the best steady-
state compensation quality regardless of signal type.
To evaluate robustness, we add artificial additive Gaussian

white noise (AWGN) to the received signal. Table 4 reports
the ACPR for both OFDM (16-QAM, 10MHz) and 3-carrier
WCDMA (QPSK, 5MHz) signals at different signal-to-noise
ratio (SNR) levels (15, 25, 35 dB). For each signal and SNR
condition, the three columns correspond to Power series (PS),
Legendre (Leg), and Chebyshev (Cheb), respectively. The pro-
posed Chebyshev method consistently achieves the best ACPR
across all tested conditions. The advantage of the Chebyshev
method is particularly pronounced at higher SNR levels, where
numerical conditioning becomes the dominant factor. These
results confirm that the proposed method maintains its superi-
ority across multiple modulation formats and SNR conditions,
without requiring prior knowledge of the input signal statistics.
To evaluate tracking capability under time-varying nonlin-

earities, we simulate a temperature-drift scenario, where re-
ceiver nonlinearity coefficients are abruptly increased by 10%
at symbol index 1000. Fig. 6 compares the NMSE perfor-
mance of a fixed model (trained offline with no subsequent
adaptation) and the proposed decision-directed RLS adapta-
tion. The fixed model exhibits a permanent degradation from
−35 dB to −25 dB after the drift occurs. In contrast, the pro-

TABLE 4. ACPR (dBc) at different SNR levels.

Signal SNR PS Leg Cheb

OFDM
15 dB −18.2 −24.1 −29.3

25 dB −21.5 −28.7 −34.1

35 dB −23.6 −31.5 −37.5

3-carrier WCDMA
15 dB −19.5 −26.6 −30.8

25 dB −20.8 −28.7 −35.5

35 dB −24.8 −33.9 −38.1

FIGURE 6. NMSE tracking performance under simulated temperature
drift.

posedmethod temporarily degrades to−25.6 dB but recovers to
approximately −33 dB within 200 symbols, demonstrating its
ability to effectively track temperature-induced nonlinear vari-
ations. This confirms the practical advantage of the proposed
online adaptive strategy for real-world receivers operating un-
der changing environmental conditions.
These results confirm that the Chebyshev-based post-

distorter converges fast, provides superior steady-state
linearization, and maintains these advantages across different
input signal distributions without requiring prior knowledge
of signal statistics. This distribution-robust property makes
it highly attractive for practical receivers and a universally
applicable solution for online nonlinear compensation.

5. CONCLUSION
This paper presents a Chebyshev polynomial-based adaptive
RLS post-distorter for nonlinear receiver compensation. The
Chebyshev basis maintains a well-conditioned input correla-
tion matrix regardless of signal distribution, unlike power-
series or distribution-matched bases that require perfect distri-
butionmatching. Experiments onOFDMandWCDMA signals
demonstrate fast convergence, excellent ACPR improvement,
and robust performance under varying input distributions. The
proposedmethod is a practical, fast-converging, universally ap-
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plicable solution for online nonlinear compensation in modern
wireless receivers.
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