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On-Demand Real Time Optimizable Dynamic
Model Sizing for Digital Predistortion of

Broadband RF Power Amplifiers
Yue Li, Student Member, IEEE, and Anding Zhu, Senior Member, IEEE

Abstract—In this article, we present a dynamic model sizing
approach for digital predistortion (DPD) of broadband radio
frequency power amplifiers. By employing a novel model struc-
ture adaptation algorithm, the DPD model structure can be
adaptively adjusted during its real time deployment to keep
the optimum size and complexity under different operation
conditions. Power consumption of DPD can be reduced by
on-demand automatic model structure adaptation instead of
reusing the same model structure for all power levels and band
allocations. To realize dynamic model sizing, the adaptation
algorithm explores new potential terms based on prior knowledge
of the model structure, and prunes the DPD model with a stepwise
backward regression method. Experimental results show that
the algorithm can quickly find the optimum model structure
when operation condition changes. During the adaptation, it can
also maintain robust linearization performance with relatively
low computational complexity and thus demonstrates itself as a
suitable solution to the linearization of future broadband wireless
systems.

Index Terms—Behavioral modeling, digital predistortion, lin-
earization, power amplifiers, pruning, Volterra series

I. INTRODUCTION

IN the next generation wireless communication systems,
e.g., 5G, more new waveforms are expected to be adopted

to improve spectral efficiency [1]. The resulting signals can
lead to wider bandwidths and higher peak-to-average power
ratio (PAPR) that may induce more complicated nonlinear
behaviors in wireless transmitters, especially in the radio
frequency (RF) power amplifiers (PAs). Digital predistortion
(DPD) [2]–[4], a widely used linearization technique, is
thereby faced with new challenges, because it may require
a large model to compensate for the complex nonlinear dis-
tortion, which can lead to high power consumption in digital
baseband [5].

In the past two decades, many DPD models have been
proposed by pruning the full Volterra series, including memory
polynomials (MP) [6], generalized memory polynomial (GMP)
[7], dynamic deviation reduction (DDR) [8], and so on [9].
Recently, behavioral models employing piecewise structures
have also shown great success, e.g., lookup tables (LUT)
[10], splines [11], vector switched models [12], decomposed
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piecewise Volterra [13], decomposed vector rotation (DVR)
[14] and magnitude-selective affine (MSA) [15]. Though these
models achieve good performance and have substantially lower
complexity than the full Volterra series, they may still require
significant resources to comply with the linearity requirement
posed by future wideband and multiband transmitters [16].
Moreover, as they define their basis functions based on prior
knowledge on general PA behaviors [17], it is difficult to
acutely adapt these models to individual PA characteristics
and varying operation conditions.

The variations of PA behavior have been studied by di-
rectly accommodating such effects into behavioral models. A
bandwidth and power scalable model was proposed in [18]
which pre-specified different model sizes and pre-calculated
corresponding LUT coefficients for each operation condition.
Power-adaptive DPD in [19] linearized PAs under different
power levels by dynamically updating DPD coefficients with
a coefficient interpolation block. In [20], the authors adopted
a similar strategy but updated DPD coefficients with a theoret-
ically derived scaling rule instead of optimized parameters. A
neural network model was developed in [21] which explicitly
measures and models PA characteristics under predetermined
frequency, voltage and temperature conditions. In [22], the
long-term memory effects of gallium nitride (GaN) PAs are
examined and compensated using physics-based models. To
date, most solutions have been focusing on fast adaptation
of the model coefficients, rather than optimization of model
structures.

To find the optimum model structure for DPD and minimize
its power consumption, a number of model pruning methods
have been proposed to reduce the model size. In [23], Chen et
al. developed an error variation ranking (EVR)-based method
to select the basis functions that have highest impact on
DPD performance. Hill-climbing method and genetic algo-
rithm [24], [25] explores different model structures by local
and global search of model hyperparameters. Particle swarm
optimization (PSO) was adopted in [26] to search for suitable
basis functions by optimizing an l0-penalized cost function.
Greedy matching pursuit methods, such as orthogonal match-
ing pursuit (OMP) [27] and doubly orthogonal matching pur-
suit (DOMP) [28], were investigated in [29], which first ranks
all available basis functions by matching pursuit algorithms
and then selects the most important basis functions. In [30], the
authors combined OMP search with simplified least squares
(LS) model extraction to reduce the overall complexity of DPD
systems. The adaptive basis function method in [31] proposed
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to adaptively add more terms into the model, but the DPD may
be over-sized because the redundant basis functions could not
be removed during DPD operation.

Despite numerous efforts in this field, the existing model
pruning techniques still face challenges in real-time DPD
deployment. One fundamental problem is that most approaches
are designed for one-shot pruning, i.e., the model structure
is fixed after the pruning process is completed. In realistic
scenarios, signal characteristics and PA operation conditions
can change significantly, and therefore the model structure
obtained from one-shot pruning may perform badly or become
over-sized under a different condition. To overcome this issue,
it is desirable to optimize the model structure on the fly during
the real time operation.

In this article, a novel method is proposed to adaptively
update the model structure of DPD with low complexity
and high robustness. With the ultimate goal of replacing the
conventional LS-based coefficient update strategy, a dynamic
model sizing approach is developed to update both model
structure and coefficients on demand, which realizes adaptive
pruning of DPD models for the first time. The core of the
system, namely, a novel model structure adaptation algorithm,
is proposed to satisfy the new challenges arising from this new
application scenario. The algorithm works by adding in new
terms based on prior knowledge of the model structure, and
removing unimportant terms using a stepwise backward re-
gression method. Unlike the existing approaches that focus on
one-shot pruning, the proposed dynamic model sizing method
maintains robust performance during the model adaptation
process and achieves fast convergence with low complexity. It
can thus optimize power consumption of DPD under varying
operation conditions in real time.

The rest of this paper is organized as follows: Section II
outlines the challenges in the deployment of existing pruning
algorithms and presents a new system architecture with dy-
namic model sizing capability. In section III, a novel model
structure adaptation algorithm suitable for real time deploy-
ment is detailed, featuring a statistical hypothesis-based model
pruning method and a neighborhood-based model growing
method. Section IV reports the experimental results, followed
by a conclusion in Section V.

II. DPD MODEL PRUNING

A. Deployment Issues of Model Pruning Algorithms

In conventional model pruning algorithms, the optimum
DPD model is usually searched under a specific operation
condition. Therefore, to deploy the DPD, we need to first
find an optimum model structure through an off-line algorithm
and implement the model in hardware. During DPD operation,
the model structure is fixed and only the model coefficients
are updated to track the variation of PA characteristics. A
demonstration of the deployment procedures is illustrated in
Fig. 1.

While many pruning algorithms have been demonstrated
to successfully find small models with reasonably good lin-
earization performance, inherent issues with the deployment
strategy has prevented their application to realistic scenarios.

DPD Model

Pruning Algorithm

Pruning Setup

DPD Model

Model Extraction

Deployment Setup

Reuse the same
model structure

Training
Signals

Update Model
Structure

Model
Performance

Transmit
Signals

Update
Coefficient

Fig. 1. Deployment procedures of conventional DPD model pruning algo-
rithms.
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Adaptation
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Structure

Update
Coefficient

On-demand Dynamic Model Sizing

Fig. 2. System architecture of adaptive DPD model pruning.

A major concern is the robustness of these algorithms under
varying operation conditions. As the model structure found by
the pruning algorithms often works best only with the same
test setup as that at the pruning stage, there is no guarantee
that it can work well under different operation conditions.
For example, a model searched with a 60 MHz signal may
work poorly with 100 MHz signals, because the memory terms
adopted by 60 MHz tests may be insufficient to compensate
for the nonlinearity induced by 100 MHz signals.

One way to overcome this issue is to find a “worst-case”
model that can work well in all scenarios. However, this
approach introduces redundancy to the DPD model, which can
lead to high complexity in both DPD actuator operation and
model extraction process because of the large number of model
coefficients. Another issue is that, some factors affecting PA
characteristics may be hard to test, e.g., aging of electronic
devices, making the model difficult to optimize. As a result,
to tolerate the unseen factors, the final deployed model may
be greatly over-sized.

B. Adaptive Pruning: Architecture and Challenges

In 5G systems, due to the use of small cells and beamform-
ing technique, the PA power is significantly reduced compared
to that in 4G systems and thus DPD power budget must be
reduced too. To fully optimize DPD power consumption, it is
desirable to employ optimized model structures while being
resistant to varying operation conditions. To achieve this goal,
we propose to update both the model structure and the model
coefficients of DPD on the fly to cope with the variation of
PA behavior, as shown in Fig. 2.

In this new architecture, the dynamic model sizing system
can adaptively turn on/off specific hardware components to
adjust the model size. In this way, only the required nonlinear
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terms need to be activated and thus the minimum power
consumption would be achieved. For instance, the hardware
modules of a DPD implementation may include basis function
generation and multiplication with model coefficients. The
reduction of power consumption can be achieved by adaptively
turning on/off these hardware components so that only a small
fraction of hardware is activated at a time. Therefore, even
though a redundant DPD model is still implemented in the
DPD hardware, the average power consumption is expected to
be much lower than that using conventional approaches.

Because of its adaptive nature, the new system architecture
poses new requirements on model pruning that are difficult
to satisfy with existing algorithms. Firstly, the algorithm must
have a fast adaptation speed because the DPD needs to react
acutely to the sudden changes of the PA behavior, such as
those caused by power variations, and thus a fast model
adaptation is required to quickly adjust the operation of DPD
to maintain linearization performance. Secondly, we should
use as few measurements as possible. A large number of
measurements will not only increase complexity of the system
operation but also increase power consumption because the
feedback receiver must be activated many times. Thirdly,
high linearization performance must be maintained during
the adaptation period. Since the transmitter operates in real
time, disruption to the system should be avoided. Therefore,
if the pruning is applied during DPD operation, it is important
to make sure all models being measured can produce good
linearization performance so that the system linearity does
not vary significantly during the adaptation. Finally, since the
adaption algorithm usually needs to be run repeatedly, it is
desirable to have low computational complexity. Otherwise,
the overall system efficiency may deteriorate if the model
pruning algorithm takes up too many resources.

III. PROPOSED DYNAMIC MODEL SIZING AND
ADAPTATION ALGORITHM

In this section, a novel model structure adaptation algorithm
is proposed that can well address the challenges of adaptive
model pruning problem while achieving good pruning perfor-
mance. The algorithm starts from a given model structure and
iteratively searches for a new model suitable for the current
PA condition. To achieve desired objective, the algorithm
explores new basis functions that are potentially beneficial for
DPD modeling, and removes old ones that have negligible
impact on linearization performance. Therefore, the update
of structure mainly consists of two algorithmic steps, namely
model pruning and model growing.

A. Model Pruning

The goal of the model pruning is to remove the unimportant
terms in the model to make the model more efficient without
degrading the performance. To do so, an effective and robust
metric to measure the importance of model basis functions
must be developed first.

In models that are linear in the parameters, the magnitude
of coefficients are often interpreted as the contribution of the
corresponding model term to the fitting problem. However, due

to the strong correlations between different basis functions,
severe multicollinearity exists in most DPD models. Therefore,
a more robust approach is to test the statistical significance of
the model coefficients [32].

A DPD model can be expressed as

y = Xc + e (1)

where y = [y(N), y(N − 1), · · · ]T is the desired out-
put signal, c is a vector of model coefficients, and e is
the modeling residue. X is the regression matrix containing
all basis functions constructed with the input signal x =
[x(N), x(N − 1), · · · ]T , where N is the number of samples
used and (·)T represents transpose operation. For a MP model,
for example, X can be represented as

X =
[
φMP

10 ,φ
MP
20 , · · · ,φMP

11 ,φ
MP
21 , · · ·

]
, (2)

where
φMP

km =
[
φMP
km(N), φMP

km(N − 1), · · ·
]T

(3)

and
φMP
km(n) = |x(n−m)|k−1x(n−m). (4)

The general framework in the context of model pruning is
detailed in [29].

The coefficients c can usually be estimated by using LS as

c = (XHX)−1XHy, (5)

where (·)H refers to Hermitian transpose. As e is orthogonal
to all basis functions in the model, under large sample sizes,
we assume e can be modeled as independent and identically
distributed (i.i.d.) zero-mean Gaussian noise with variance σ2.
By viewing X as deterministic, c can be shown to obey
a multi-variate Guassian distribution [32] whose covariance
matrix can be derived as follows

Σc = E(c− Ec)2

= E[(XHX)−1XH(y − Ey)]2

= (XHX)−1XHX(XHX)−1(y − Ey)2

= (XHX)−1σ2.

(6)

Under this statistical modeling framework, the significance
of model coefficients can be evaluated with hypothesis tests.
To test the j-th coefficient cj , we establish a null hypothesis
that cj has zero mean. Then we calculate the following z-score:

zj =
|cj |
σ
√
vj

(7)

where zj is the z-score of cj and vj is the diagonal elements
of matrix (XHX)−1. All zj’s will form a vector z.

Based on the statistical hypothesis test, the higher the z-
score, the more likely this coefficient has a non-zero mean,
which suggest that it should be kept in the model. Therefore,
based on the z-score, the importance of all coefficients in the
current model can be evaluated, and the term with the smallest
z-score should be removed from the current model.

To avoid the high complexity of LS, an efficient pruning
strategy is adopted. Consider a model with q coefficients,
its regression matrix is X(q), and its coefficient is c(q). For
convenience, we define P(q) = (X(q)

HX(q))
−1. Without loss
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of generality, assume the last term in X(q) is to be removed.
Rewrite P(q) into block matrix

P(q) =

[
A u
vT d

]
, (8)

where A is matrix, d is a scalar, and u and v are column
vectors. Thus, P(q) can be updated without matrix inversion,

P(q−1) = A− uvT /d. (9)

Subsequently, c(q) can be updated as

c(q−1) = P(q−1)X(q−1)y. (10)

The aforementioned method efficiently removes a basis func-
tion from the model. To remove multiple terms, the same
algorithm is carried out iteratively.

By adopting the simplified computation procedures, it is not
necessary to perform the full LS calculation, and the required
computational complexity to update the model coefficients is
very low. Firstly, the calculation of (X(q−1)

HX(q−1))
−1 can

be achieved by (9), requiring only (q − 1)2 multiplications.
Secondly, the calculation of X(q−1)y can be avoided by
reusing the results of X(q)y. Finally, the coefficients can be
updated by multiplying the two quantities obtained from the
previous steps, and the related complexity is also (q − 1)2.
Therefore, after pruning the model, the coefficients of the new
model can be efficiently re-estimated with low complexity.

B. Model Growing

Besides the pruning strategy, it is important to find po-
tentially important terms that are not included in the current
model. A straightforward approach is to consider all possible
model terms in every iteration, but that will require high
computational complexity and can reduce the robustness of
model pruning due to a large number of coefficients involved.
It is thus desirable to take into account only a subset of the
full model terms that are considered useful in increasing model
accuracy.

In this work, we take advantage of the z-scores calculated
in the model pruning stage. It is believed that the important
coefficients represent “good” directions in the feature space,
which are worth further exploration. Let’s take the MP model
as an example. The nonlinear term |x(n−m)|k−1x(n−m) has
polynomial order k and memory depth m, so it corresponds
to the point (k,m) in the feature space. If it is shown to be
important, we may infer that it well approximates some im-
portant nonlinear characteristics required by the DPD model.
Nonlinear terms that lie in its neighborhood in the feature
space, such as the terms corresponding to (k ± 1,m) and
(k,m±1), are likely to provide similar modeling capability of
these characteristics. Thus, new terms close to the important
terms are added to the model during the model growing
phase. A demonstration is shown in Fig. 3. Unlike the hill-
climbing algorithm [25] which searches neighborhood in the
hyperparameter space, e.g., perturbing polynomial order of the
model, the proposed model growing method independently
explores the neighborhood of every relevant model term,
which naturally leads to sparse models.

Current terms

Neighboring
terms

: nonlinear order

:
m
em
or
y
de
pt
h

Fig. 3. Illustration of the model terms being added during model growing.

This strategy takes advantage of the prior knowledge of
model structure, and applies to virtually all pruned Volterra
models. Models, other than MP, can be similarly organized.
For instance, basis functions in GMP model, i.e., |x(n −
m − p)|k−1x(n − m), can be described as (k,m, p), and
its neighborhood includes the terms located at (k ± 1,m, p),
(k,m± 1, p) and (k,m, p± 1).

Different from existing model pruning algorithms which
simply apply a sparsity constraint on the model structure,
the neighborhood-based model growing method implicitly
integrates general prior knowledge of behavioral modeling
principles into the algorithm. By adding neighboring terms to
the model, the algorithm is encouraged to explore model terms
consecutive in the feature space. For example, the neighbors
of x(n − 2) includes x(n − 1) and x(n − 3), and the three
terms as a whole become a consecutive sequence in the
dimension of memory depth. Thus, after model growing, we
may have a local structure

∑3
m=1 cmx(n−m) in the model,

which can be easily identified as a 3rd-order finite impulse
response (FIR) filter. Since FIR filters have been widely used
to approximate arbitrary linear frequency response, we believe
these local structures have a better universal approximation
ability than isolated model terms. Therefore, by employ-
ing the neighborhood-based model growing strategy, we can
efficiently explore models having consecutive but irregular
shape, such as the model structure shown in Fig. 3. In our
opinion, models of this type are more likely to exhibit good
linearization performance, which agrees with the experimental
results presented in Fig. 11 of [23].

C. Full Algorithm

The dynamic model structure adaptation requires both
model pruning and model growing to achieve satisfactory
performance. Since the algorithm is targeted at real time DPD
deployment, to reduce the number of data acquisitions and
minimize disruption to the real time operation, in the proposed
solution, we integrate the two processes into a full adaptation
procedure with two nested loops. In the outer loop, input and
output data from the PA are captured and the DPD structure
and coefficients are updated at each iteration, while in the
inner loop, iterative model pruning algorithm is conducted to
remove redundant terms in the model. The detailed description
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Fig. 4. Flow chart of dynamic model structure adaptation.

Algorithm 1 Dynamic Model Structure Adaptation
Input: Current model structure
Output: Updated model structure and coefficients

1: while stopping criterion is not met do
2: Capture data and construct X and y
3: Determine Ngrow and Nprune with Nv

4: Add Ngrow coefficients to the model from candidate set
5: Calculate c using (5)
6: for t = 1 to Nprune do
7: Calculate z using (7)
8: Find r = argminj zj
9: Remove cr from c

10: Update P using (9)
11: Update c using (10)
12: if Performance degrades dramatically then
13: Restore cr to the model
14: Break
15: end if
16: end for
17: Build a candidate set with the neighboring terms of

those with largest z-score
18: end while

of the full operation is given in Algorithm 1 and the flow of
the procedures is illustrated in Fig. 4.

For initialization, to avoid starting from scratch, the model
can start from a pre-determined model structure, such as a
manually tuned MP or GMP model. At the start of each
iteration, a new set of input and output data is captured and
pre-processed by tasks, such as time alignment and model
construction. System linearity is then evaluated to determine
whether the model structure should be changed. The decision

can be made by comparing the current linearity performance,
typically specified by normalized mean squared error (NMSE)
or adjacent channel power ratio (ACPR) values, with the
desired target that defined by the specific application require-
ment. To keep the model size relatively stable, preventing
explosion of the size, the maximum variation of model size in
one iteration should be capped by a user-specified parameter
Nv . That is to say, within one outer iteration, the model size
would increase or decrease at most by Nv . Nv acts like a
learning rate in the proposed algorithm: a smaller Nv can make
the convergence slower while a larger Nv can lead to faster
convergence, but the final performance may be affected if it
is too large.

There are two cases in model adaptation process, depending
on the performance of the initial model:

1) If the model performance does not reach the desired
linearization requirement, the model needs to be ex-
panded and more model terms should be added. In this
case, the model growing algorithm is performed first,
namely, Ngrow nonlinear terms are added to the model
from a candidate set, as described in Section III.B. The
expanded model can then be extracted by using LS as
in (5). Because the added new terms are not necessarily
all effective and the new model must be optimized, the
z-score based pruning process should be conducted to
evaluate the impact of each term before finalizing the
model structure, and the redundant terms are excluded
in the final model. To limit the change in the number
of coefficients to Nv at each iteration, we keep adding
neighbors of important terms until the growing number
Ngrow reaches two times of Nv . Then in the pruning stage,
the pruning number is set to Nprune = Ngrow −Nv .

2) If the model is “too good”, the model size should be
reduced. It happens when DPD performance reaches an
unnecessarily high level. We may also optionally reduce
model size after the DPD performance first reaches
desired target, so that the redundant terms added during
model growing phase can be “dropped out”. In this case,
model growing is skipped, i.e., Ngrow = 0, while Nprune
(≤ Nv) coefficients are pruned in the model pruning
stage.

As discussed earlier, the z-score based pruning procedure
can be implemented in an efficient, iterative manner. Firstly,
we calculate the z-score of all coefficients based on (7). The
index of coefficients with the largest and smallest z-scores are
recorded. Note that σ may be omitted in calculation since it
does not affect ranking. Then the coefficients with smallest
z-score is removed from the model. Backtracking technique
can be optionally employed to monitor performance variation.
Once modeling error is found to degrade significantly, the
deleted coefficient can be restored to the model. In practice,
we can first calculate the difference between current and
target NMSE values, and then force the maximum NMSE
degradation caused by pruning to be smaller than this margin.
Then the coefficients will be updated using (9) and (10). The
procedures of z-score calculation, basis function removal and
coefficient update are iterated until all of the Nprune coefficients
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Fig. 5. Deployment of dynamic model sizing.

are removed or backtracking takes effect. Finally, the terms
with largest z-scores are located, and their neighboring terms
in the feature space will form a new candidate set for use in
the next update of model structure.

D. Real-time Deployment

The proposed algorithm can be easily deployed in a real-
time DPD system. As shown in Fig 5, the resulting DPD
system can be divided into two parts: the DPD module that
processes transmit data in real time, and the model adaptation
unit that operates on-demand. The adaptation module is trig-
gered when PA behavior is known to change and stops after
the adaptation reaches convergence.

To make DPD adaptable to a wide range of scenarios, a large
set of candidate model terms may be implemented in digital
unit. However, in real-time operation, not all the hardware
components are operational and they can be turned on/off by
different control methods depending on the hardware platform
and configuration. For example, a basic strategy is to add a
control bit to every coefficient and use that bit to do clock or
power gating for the coefficient multipliers.

When an update of DPD is desired, new data are cap-
tured from PA output and the model structure adaptation
algorithm will operate. The process starts from data pre-
processing, including time alignment and model construction.
The algorithm parameters are then determined based on the
linearity of captured signals. The core algorithmic steps, model
growing and model pruning, are then performed to obtain
the new model structure and coefficients, which are finally
loaded to the DPD module in the real-time processing path.
It is worth mentioning that data capturing and model update
are performed only once in the outer loop iteration of the
adaptation algorithm. The internal processing of the algorithm,
e.g., the iterative pruning steps in the inner loop, will not
interact with the main DPD module. In other words, the
DPD update will take effect only after all internal steps are
finished. By employing the proposed approach, the number of
data acquisition is minimized and disruption to the real time
operation can be avoided.

Spectrum
Analyzer

Signal
Generator

Driver
Amplifier

PA

Attenuator

Power
Supply PC

Fig. 6. The photograph of the DPD test bench.

IV. RESULTS

A. Experimental Results

To validate the proposed method, it was experimentally
compared against other approaches. Thus, a test platform was
set up, as shown in Fig. 6, which included PC, signal generator,
driver amplifier, PA, attenuator and spectrum analyzer. The
PA under test was an in-house designed broadband Gallium
Nitride (GaN) Doherty power amplifier operating at 3.1/3.3
GHz with the maximum output power at 43 dBm. The
excitation input signals were carrier-aggregated LTE signals
with 6.5 dB PAPR. The GMP model was employed in DPD.
Recorded I/Q input and output samples were time aligned and
normalized before training the model. The model extraction
was based on indirect learning and performed in MATLAB.

To emulate the variations of PA characteristics in real
environment, the PA was measured under five different test
cases where each case corresponds to a different operation
condition:
I) 100 MHz modulated signal at 3.1 GHz carrier frequency
with 35 dBm average output power;

II) 20 MHz modulated signal at 3.1 GHz carrier frequency
with 35 dBm average output power;

III) 80 MHz modulated signal at 3.3 GHz carrier frequency
with 32 dBm average output power;

IV) 80 MHz modulated signal at 3.3 GHz carrier frequency
with 35 dBm average output power;

V) 20+20 MHz non-contiguous modulated signal (60 MHz
instantaneous bandwidth) at 3.3 GHz carrier frequency with
35 dBm output power.

It can be observed that Case II has reduced bandwidth,
while Case III decreased power level and changed the carrier
frequency. In Case IV, the power level was increased. In Case
V, the test signal was changed to a 40 MHz non-contiguous
carrier aggregated LTE signal. Thus, the PA was expected to
behave differently in these cases.

In the experimental tests, the proposed method was tested
sequentially on the five cases, namely, the model in the final
state of the earlier test was used as the initial model of the
following test. In other words, the final model used in the
test I was used as the starting model in the test II, and
so on. The sampling rate of the baseband signals was set
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Fig. 7. Performance and model size during iterations in Case I.

to 5 times the signal bandwidth in each case. In all cases,
20,000 data samples were used in DPD model extraction,
and each measurement used different test signals. To verify
the performance of pruning algorithm, manual tuning and
and a latest pruning technique, DOMP [28], were employed
for comparison. The two methods were tested on the five
cases independently to show the performance of pruning
algorithm itself without considering deployment issues. We
also compared different deployment strategies by testing a
“fixed DPD” method which used the same model structure
in all test cases. The common model structure was obtained
by manual tuning from the most challenging case, i.e., Case
I.

The manual tuning method followed a similar strategy as the
hill-climbing method in [24]. At a given model structure, we
tested its neighboring models by increasing or decreasing each
of the parameters by one (nonlinear order, memory depth and
leading/lagging depth), and chose the best model among them.
Based on the new model structure, we repeated the search
again, until there was no performance improvement. In the
test of DOMP, a large GMP model with 322 coefficients were
employed in the DOMP algorithm. To reduce computational
complexity, we stopped the DOMP ranking procedure after the
model size or NMSE performance reached that of the tuned
DPD. After the ranking, the model with the best Bayesian
information criterion was selected. In the proposed method, the
parameter Nv was set to 10. Also, we considered the model to
be “too good” if the achieved NMSE exceeded target NMSE
by more than 0.4 dB.

1) Case I: The first test case used 100 MHz signal at 3.1
GHz and produced 35 dBm average output power. As is shown
in Fig. 7, in the 100 MHz test, we started from a basic model
and gradually increase the model size. The algorithm explored
larger models in the first few iterations to include all necessary
terms, before reducing the model size to reach the optimum
solution after 22 iterations. The proposed method achieved
comparable performance with the manually tuned model while
having a much smaller size. A summary of test results is given
in Table I and the spectra of PA output are shown in Fig. 8.

2) Case II: The second condition had the following set-
tings: 20 MHz signal, 3.1 GHz carrier frequency and 35 dBm
output power. The algorithm was initialized with the last model

TABLE I
PERFORMANCE COMPARISON IN CASE I

No. of
Coefficients

NMSE
(dB)

ACPR (dBc)
(lower/upper band)

w/o DPD N/A -28.8 -35.2/-34.4

Tuned DPD 133 -39.5 -44.9/-45.0

DOMP 84 -36.8 -43.0/-43.4

Proposed 17 -39.4 -46.1/-45.3

Fig. 8. Output spectrum comparison for Case I.

Fig. 9. Performance and model size during iterations in Case II.

TABLE II
PERFORMANCE COMPARISON IN CASE II

No. of
Coefficients

NMSE
(dB)

ACPR (dBc)
(lower/upper band)

w/o DPD N/A -30.3 -37.3/-38.2

Fixed DPD 133 -43.2 -51.7/-52.2

Tuned DPD 64 -43.5 -52.1/-52.7

DOMP 54 -43.4 -51.0/-51.8

Proposed 9 -43.8 -53.1/-52.7

obtained from the 100 MHz test. As the nonlinearity was
weaker, the model size was decreasing during the adapta-
tion. From Fig. 9, the optimum model was obtained after
3 iterations. In this case, the proposed method achieved the
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Fig. 10. Output spectrum comparison for Case II.

Fig. 11. Performance and model size during iterations in Case III.

smallest model size with similar linearization performance as
that of other approaches. It also shows that the fixed DPD
has almost identical performance as the tuned one and the
proposed method, but has a larger size. The performance of
different methods is summarized in Table II and the spectrum
results are shown in Fig. 10.

3) Case III: In this test, the signal bandwidth, power level
and carrier frequency were changed to 80 MHz, 32 dBm
and 3.3 GHz, respectively. The PA was then operated at
approximately 4 dB back off from maximum power. The algo-
rithm started with the optimum model from the 20 MHz test.
Since all parameters were changed, the PA behavior varied
accordingly. As shown in Fig. 11, the algorithm converged
after 6 iterations. The proposed method again acquired the
smallest model with reasonable linearization performance. The
performance summary and spectrum plots are shown in Table
III and Fig. 12, respectively.

4) Case IV: In the fourth case, the output power was
increased to 35 dBm, and other settings were kept unchanged
(80 MHz signal @ 3.3 GHz). The algorithm continued from
the last test with a 3 dB higher power level. As shown in Fig.
13, the algorithm converged after 6 iterations. A summary
of linearization performance is shown in Table IV and the
spectrum results are plotted in Fig. 14.

TABLE III
PERFORMANCE COMPARISON IN CASE III

No. of
Coefficients

NMSE
(dB)

ACPR (dBc)
(lower/upper band)

w/o DPD N/A -28.6 -35.3/-34.8

Fixed DPD 133 -43.7 -51.5/-52.0

Tuned DPD 80 -44.3 -51.9/-52.1

DOMP 54 -44.8 -52.3/-52.5

Proposed 13 -44.0 -51.0/-51.0

Fig. 12. Output spectrum comparison for Case III.

Fig. 13. Performance and model size during iterations in Case IV.

TABLE IV
PERFORMANCE COMPARISON IN CASE IV

No. of
Coefficients

NMSE
(dB)

ACPR (dBc)
(lower/upper band)

w/o DPD N/A -28.1 -34.7/-35.7

Fixed DPD 133 -41.7 -48.3/-48.7

Tuned DPD 95 -41.8 -48.0/-48.5

DOMP 93 -41.0 -46.3/-47.1

Proposed 15 -41.4 -47.5/-48.1

5) Case V: In the last case, the test signal was changed to
a non-contiguous carrier-aggregated LTE signal with the same
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Fig. 14. Output spectrum comparison for Case IV.

Fig. 15. Performance and model size during iterations in Case V.

TABLE V
PERFORMANCE COMPARISON IN CASE V

No. of
Coefficients

NMSE
(dB)

ACPR (dBc)
(lower/upper band)

w/o DPD N/A -28.4 -37.5/-37.3

Fixed DPD 133 -40.8 -50.1/-50.1

Tuned DPD 76 -41.2 -51.5/-51.3

DOMP 73 -37.3 -43.8/-45.1

Proposed 10 -41.3 -50.3/-52.0

frequency/power setting. As shown in Fig. 15, the algorithm
converged after 2 iterations. The corresponding linearization
performance is shown in Table V and the spectrum results are
illustrated in Fig. 16.

To sum up, the experimental results show that the proposed
algorithm maintains robust performance during the model
structure adaptation. Compared to the other approaches, the
proposed algorithm achieves comparable performance with a
smaller model size under all operation conditions.

B. Complexity Analysis

In this part, the power consumption and computational
complexity of the proposed DPD are analyzed. We consider

Fig. 16. Output spectrum comparison for Case V.

the same dynamic environment as the previous part.
In the DPD actuator part, the fixed DPD approach uses the

conventional model sizing strategy and needs to use a worst-
case (largest) model all the time. It means that, in Case II, the
DPD model being deployed still had 133 coefficients, though
9 coefficients would be enough with the proposed method. On
the contrary, in the proposed approach, the size of the DPD
model can be dynamically optimized with the dynamic model
sizing system. It not only can adapt the system to different
operation conditions, but also find an optimized sparse model
structure for each case. The proposed method therefore is
expected to achieve lower overall power consumption than the
conventional fixed DPD approach.

To compare the power consumption of DPDs, we analyze
the complexity of activated hardware components in each
case. According to [9], most hardware complexity of GMP
model comes from the coefficient multiplication. Thus, we
use the complexity of coefficient multiplication as a primary
indicator of power consumption. In the analysis, each complex
multiplier is assumed to be composed of 3 real multipliers.

The comparison is presented in Table VI. The proposed
method activated significantly fewer hardware components
than the conventional fixed DPD approach in all test cases,
which leads to roughly 87-93% reduction in dynamic power
consumption.

The algorithmic complexity of the pruning algorithm is also
analyzed, by comparing it to the latest greedy matching pursuit
method DOMP. To calculate the per-iteration complexity,
we assume there are q terms in the current model and Q
terms in the entire model, and we use N data samples in
calculation. The complexity comparison is shown in Table
VII, which suggests both algorithms have similar computa-
tional complexity per iteration, while the proposed method
converged faster. In our opinion, it is because DOMP needs
to rank all coefficients, so the required number of iterations
is closely related to the total model size. In the proposed
algorithm, however, the convergence speed mainly depends
on the variation of PA characteristics. If the PA behavior does
not change significantly, the algorithm can converge very fast,
which has been confirmed in Fig. 9 and 15.
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TABLE VI
COMPARISON OF DIFFERENT DEPLOYMENT STRATEGIES

Fixed DPD
w/ Conventional

Model Sizing
Proposed DPD

Case I:
100 MHz BW

35 dBm@3.1 GHz

No. of
Coefficients 133 17

No. of Active
Multipliers 399 51

Case II:
20 MHz BW

35 dBm@3.1 GHz

No. of
Coefficients 133* 9

No. of Active
Multipliers 399* 27

Case III:
80 MHz BW

32 dBm@3.3 GHz

No. of
Coefficients 133* 13

No. of Active
Multipliers 399* 39

Case IV:
80 MHz BW

35 dBm@3.3 GHz

No. of
Coefficients 133* 15

No. of Active
Multipliers 399* 45

Case V:
20 + 20 MHz BW
35 dBm@3.3 GHz

No. of
Coefficients 133* 10

No. of Active
Multipliers 399* 30

*An over-sized model is required when there is no model structure
adaptation.

TABLE VII
ALGORITHMIC COMPLEXITY COMPARISON OF DIFFERENT PRUNING

ALGORITHMS

DOMP [28] Proposed

Per-iteration Complexity O(q2N +QN) O(q2N + q2Nprune)

No. of Iterations O(Q) < 20

V. CONCLUSION

In this paper, we have proposed a novel dynamic model
sizing method that realizes adaptive model pruning for real-
time DPD systems. The proposed approach well satisfies all
the requirements put forward by the adaptive pruning problem.

Firstly, the model growing and pruning steps can efficiently
find promising model structure by extracting useful infor-
mation from the current model. Since it does not have to
start from scratch, it can converge within a few iterations.
Secondly, the model being loaded and measured has a robust
structure produced by growing and pruning steps, which has
been experimentally verified to achieve stable performance.
Additional control imposed by the capping of model size
variation and the optional backtracking technique provides
further guarantee on the model performance in the real-time
environment. Finally, the proposed method also has low com-
putational complexity and thus is well suitable for deployment
in future communication systems.
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