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Abstract—This paper proposes a multi-objective Bayesian
Optimization (BO) strategy to deal with the complex matching
problem of designing a broadband 20-W GaN Doherty power
amplifier (DPA). Applying the proposed method, the DPA's
matching networks are optimized to align the desired and the
realized impedance trajectories both at saturation and power
back-off from 1.5 to 2.4 GHz. By combining a programming
environment with commercial electronic design automation (EDA)
software, the optimization process is implemented automatically.
Comparison designs reveal that the proposed method
outperforms the built-in optimizer of commercial EDA software
for broadband DPA designs. When tested with a single-carrier
20 MHz long-term evolution (LTE) signal, measured results show
that the DPA achieves an average efficiency of 45.3%-53.6% at
7 dB back-off across the band, with the ACPR levels better than
-45.6 dBc after using digital predistortion (DPD).
Index Terms—Active load modulation, automatic optimization,
Bayesian Optimization, broadband Doherty power amplifier, EM
simulation, multi-objective.
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I. INTRODUCTION

pectrally-efficient modulation schemes in modern wireless
communication systems have resulted in transmission
signals with large peak-to-average power ratios (PAPRs).
Meanwhile, communication standards, such as Long-Term
Evolution (LTE), Worldwide Interoperability for Microwave
Access (WiMAX), which operate at different center
frequencies, require wideband receivers and transmitters. In
order to fulfill these requirements, there is a strong demand for
power amplifiers (PAs) capable of providing high efficiency at
output back-off (OBO) and across a wide band. The Doherty
power amplifier (DPA) [1]-[2], exploiting load modulation, has
been widely adopted in base stations because of its high
efficiency and easy implementation. However, the DPA's
bandwidth is strongly limited by the active devices' output
capacitance and the impedance inverter in the matching
networks [3]-[4]. Over the past few years, several researchers
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have proposed novel architectures to enhance wideband load
modulation, such as the utilization of branch-line coupler
topologies [5],
transformer-less
load-modulation [6],
Klopfenstein tapers [7], modified configurations [8], bandpass
auxiliary
transformers [9]
and
post-matching
networks [10]-[11]. Once a suitable circuit topology has been
chosen, DPA designers face the challenge of matching network
optimization. It is considered quite complex to design an output
matching network to achieve effective load modulation over a
wide bandwidth. Although the simplified real frequency
technique (SRFT) has been employed to design a broadband
DPA [12], it required further optimization to combine the
sub-amplifiers together. Currently, several commercial
electronic design automation (EDA) software systems provide
useful built-in optimizers for automatic design optimization.
However, they often fail to find a satisfactory solution to meet
the design goals when applied to broadband DPAs. In view of
this background, the combination of intelligent algorithms with
EDA software to address the DPA's matching network problem
would be of high practical value.
Recently, Bayesian Optimization (BO) has been extensively
investigated to optimize expensive high-dimensional black-box
functions [13]-[16]. It is an effective method to predict the
global optimum value based on the learning model of an
unknown function. This is very helpful for engineering designs
when objective functions are non-convex and multi-modal, and
there is no closed-form expression available. A PA design can
be treated as a black-box problem with high-dimensional
design variables. From this viewpoint, BO is a promising
method well-suited to PA design optimization. This was
verified by our previous work in which BO was successfully
applied to optimize broadband single-ended high-efficiency
PAs [17]-[18]. According to the two-point matching technique
for a DPA design [6], there is a trade-off between the load
impedances at peak power and at back-off over the target band,
which is actually a multi-objective optimization problem. The
method used for single-ended PA optimization in [17] is not
suitable for a DPA design since single objective optimization
usually achieves poor results for multi-objective functions,
especially when the dimension of the design variables is very
high. The key contribution of this paper is to expand upon the
work presented in [17] to develop a successful multi-objective
BO strategy to optimize the active load modulation in a
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Fig. 1. A 2-way symmetrical DPA with 6 dB back-off power region.

wideband DPA design.
This paper is organized as follows: Section II first reviews
the DPA concept and presents a de-embedding approach to
acquire the optimum load impedances at the package plane for
a broadband DPA design. Section III discusses the
multi-objective optimization criteria to search for optimum
design variables in a high-dimensional space. Section IV is
devoted to describing the optimization of the active load
modulation using the multi-objective BO strategy. In Section V,
we apply the proposed method to optimize 20-W GaN DPAs
from 1.5 to 2.4 GHz with circuit simulation and
electromagnetic (EM) simulation, respectively. Comparison
designs using the ADS optimizer are also shown in this section.
Section VI validates the proposed method through the
fabrication and measurement of the optimized DPA. Finally,
conclusions are given in Section VII.
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Fig. 2. De-embedding approach for load impedances. (a) Approximate output
parasitic circuit for Cree CGH40010F. (b) Load impedances for the Carrier
PA. (c) Load impedances for the Peaking PA.

region, allowing for high efficiency across a range of power
levels. As per [19], the desired load impedances for the Carrier
and the Peaking PAs can be calculated by

II. ACTIVE LOAD MODULATION
A. DPA Concept
Exploiting proper active load modulation, the DPA can
maintain high efficiency at a 6 dB (or greater) back-off power
level. Fig.1 shows a 2-way symmetrical DPA with two equal
bare dies, having a 6 dB back-off power region with high
efficiency. The Carrier and Peaking PAs have a common load,
ZL, at the combining node. In Fig. 1, ZLC,H and ZLC,BO are the
Carrier PA's optimum load impedances at saturation and 6 dB
back-off level, respectively, and ZSC denotes the optimum
source impedance which ensures maximum delivered input
power. Similarly, ZLP,H and ZLP,BO present the Peaking PA's
optimum load impedances at saturation and back-off,
respectively, and ZSP signifies the optimum source impedance.
With ideal active load modulation, the load impedance
presented to the Carrier transistor increases from ZLC,H to ZLC,BO
as power is reduced from saturation, while the load impedance
seen by the Peaking transistor rises from ZLP,H to infinite
(turn-off state). Correspondingly, the impedances at the
common load seen by the Carrier and Peaking PAs are both
equal to 2ZL at saturation. At the 6 dB back-off level, the
impedance seen by the Carrier PA at the combining node
decreases to ZL, while that seen by the Peaking PA is switched
off and behaves like an open circuit, preventing power leakage
from the Carrier PA. In this way, active load modulation
enables an almost full rail-to-rail voltage swing in the back-off
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where Pout,sat denotes the DPA's saturated output power, α is
determined by output back-off region (OBO in decibels), and
Vds and Vk represent the drain bias voltage and the knee voltage,
respectively. However, the matching networks are usually
implemented at the package plane rather than the current
generator plane. It was pointed out in [3] that the output
parasitic circuit should be taken into consideration in a DPA
design. Therefore, we need to find out the optimum load
impedances at the package plane, as will be shown below.
B. Desired Load Impedance Trajectories
In this paper, the Cree CGH40010F Gallium Nitride (GaN)
high-electron mobility transistor (HEMT) is used as an
example to illustrate how to obtain optimum load impedances
at the package plane for a DPA design. As shown in Fig. 2 (a),
the approximate parasitic circuit for the Cree CGH40010F is
provided in [20], and was verified to be of good accuracy for
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(b)
Fig. 3. Desired efficiency-output power contours for the Carrier PA. (a)
Desired fundamental impedances at the package plane. (b) Desired
fundamental impedances at the current generator plane.

PA designs [17], [21]. Thus, the desired load impedance
trajectories can be achieved at the package plane by applying
the output parasitic circuit, as shown in Fig. 2 (b) and Fig.2 (c).
The de-embedding approach for obtaining desired impedances
at the package plane is presented in the following steps:
1) The Carrier transistor is biased with a gate voltage of -2.7 V
and a drain voltage of 28 V. Applying load-pull simulation,
impedance regions bounded by contours are determined on
the Smith Chart within which the efficiency and output
power of the Carrier PA will be greater than some specified
levels at a given frequency (see Fig. 3 (a)). At saturation, the
contour efficiency is set at 60% with an output power of
41 dBm while the corresponding values at back-off are 60%
and 38 dBm, respectively. By de-embedding the device
model with the output parasitic circuit, we can derive the
saturated and back-off contours at the current generator
plane, as shown in Fig. 3 (b).
2) Since the back-off efficiency is vitally important, the desired
load impedances ZLC,BO_pack at the package plane are a priori
selected inside the back-off contours from 1.5 to 2.4 GHz,

Fig. 4. Desired efficiency-output power contours for the Peaking PA.

with a step of 0.1 GHz. The corresponding load impedances
ZLC,BO at the current generator plane are determined through
the de-embedding process.
3) According to (2) and (4), α = 0.5 and ZLC,H = 0.5 ZLC,BO,
when OBO = 6 dB, as shown in Fig.3 (b). By embedding
ZLC,H with the output parasitic circuit, the load impedances
ZLC,H_pack seen at the package plane can be obtained for the
saturated condition. A good selection of ZLC,BO_pack must
ensure that ZLC,BO, ZLC,H and ZLC,H_pack are all located inside
their own efficiency and output contours over the band.
4) For the Peaking transistor, the gate voltage and drain voltage
are biased at -6 V and 28 V, respectively. Using load-pull
simulation, we can directly obtain the ZLP,H_pack at saturation
and the (ZLP,BO_pack)* at the turn-off state, with * denoting the
complex conjugate, as shown in Fig. 4.
5) Similarly, the desired source impedances for the Carrier and
Peaking PAs can be found using source-pull simulation. The
source impedances should ensure maximum delivered input
power to the Carrier and Peaking PAs in the back-off power
region, denoted by ZSC_pack and ZSP_pack, respectively.
III. MULTI-OBJECTIVE OPTIMIZATION CRITERIA
Bayesian Optimization is a model-assisted optimization
strategy for global optimization of black-box functions [13].
Exploiting the radial basis function kernel, it typically captures
the characteristics of an unknown function through building a
Gaussian processes regression (GPR) model with given
training data (X, Y) = { xi , yi }iN1 . According to [17], after the new
point, xN+1, is obtained by a search algorithm, the new output,
yN+1, can be expressed with the predicted mean, m(xN+1), and
the standard deviation, σ(xN+1)
m( xN 1 )  k T [ K   N2 I ]1 Y

(5)

 2 ( xN 1 )  k ( xN 1 , xN 1 )  k T [ K   N2 I ]1 k

(6)

y N 1  m( xN 1 )   ( xN 1 )

(7)

where N is the number of training data, I is the identity matrix,
K denotes the kernel matrix for the training data (X, Y), k

4

(a)

Fig. 5. Example of Pareto front in two-objective optimization.

represents the covariance matrix between xN+1 and X=(x1,x2,···,
xN), k(xN+1, xN+1) signifies the self-covariance matrix, σN is the
noise deviation, and the coefficient, λ, is used to control the
uncertainties.
As discussed in [17], we firstly built a GPR model for a
high-efficiency PA design, and then applied Expected
Improvement (EI) to search for the optimum design
variables [22]. However, for a wideband DPA design, the
objective functions are to match the desired impedance
trajectories at saturation and back-off, as described in Section II.
The EI criterion is only suitable for a single objective function
and cannot be applied to the multi-objective functions of a DPA
design. This is because the method calculates the weighted sum
of all objectives in a single objective function, and cannot
achieve all individually optimum solutions for multi-objectives.
The Pareto front, where an objective cannot be improved
further without dominating other objectives, is used to make a
trade-off among multi-objective functions [23]. In Fig. 5, the
dominated points represent the solutions where at least one
objective function is unequally deteriorated, while the
non-dominated points on the Pareto front are the optimal
solutions which balance each objective function. To date,
several efficient global optimization (EGO) criteria have been
developed for model-assisted multi-objective optimization,
such as Pareto Efficient Global Optimization (Par-EGO) [24],
Hypervolume-based
Expected
Improvement (EHI) [25],
Expected Maximin Improvement (EMI) [26], Stepwise
Uncertainty
Reduction (SUR) [27]
and
S-Metric
Selection (SMS) [28]-[29]. Among these criteria, SMS-EGO
significantly outperforms other criteria when using a finite
number of training points and a limited computational budget.
SMS-EGO indicates the improvement of the Pareto front, Λ,
for multi-objective functions by a penalty term p [28]

(b)
Fig. 6. Comparison of optimization frameworks. (a) Commercial software's
built-in optimizer. (b) Proposed Bayesian Optimization strategy.
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where n is the number of objective functions, y(i) represents the
current solution on the Pareto front, yLCB denotes the lower
confidence bound of the objective functions, m(x) and σ(x) are
the predicted mean and the standard deviation in (5)-(6), and
the coefficient, λ, is calculated from the inverse cumulative
distribution function Φ-1(·) in (10) with a constant, q (in this
paper, q = 0.5). The relevant code for SMS-EGO can be
acquired from the open-source package "GPareto" designed in
the R Programming Environment [30]. In this paper,
SMS-EGO is applied to guide the search for the optimum
design variables in a broadband DPA design.
IV. PROPOSED OPTIMIZATION STRATEGY
Since Bayesian Optimization has been well-discussed in [17],
this section mainly focuses on the implementation of the
proposed optimization strategy for a broadband DPA design.
First of all, we need to analyze why the proposed
multi-objective BO method is superior to the built-in
optimizers found in commercial software. Fig. 6 (a) describes
the optimization process when using a commercial software's
built-in optimizer directly for circuit designs. Compared to
commercial software, the proposed method adds the step of
GPR before starting the search algorithms, as shown in
Fig. 6 (b). This regression step characterizes the model surface,
guiding search algorithms to find optimum solutions in a
high-dimensional space. Moreover, commercial software
provides limited search algorithms, which may lead to
inefficient searches for complex PA designs. The proposed
method can exploit user-defined search algorithms to execute
variable searching in a programming environment. In this way,
advanced optimization methods can be tailored to the complex
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matching problems found in a wideband DPA design.
In this paper, the design variables are the widths and lengths
of the microstrip lines in the matching networks, and the
objective functions are the minimization of the mismatch
between the desired and simulated impedance trajectories.
Furthermore, we also maximize the saturated output
power (44 dBm for a 20-W DPA design), guaranteeing proper
phase alignment at the combining node. Thus, the objective
functions for a broadband DPA design are defined by (11)-(14)
y1 
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Fig. 7. Proposed Bayesian Optimization strategy for DPA designs.
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where T is the number of the frequency point, ZLC,H_pack,
ZLP,H_pack, ZLC,BO_pack, (ZLP,BO_pack)*, ZSC_pack and ZSP_pack are the
desired impedance trajectories given in Fig. 3 and Fig. 4,
ZLC,H_Opt, ZLP,H_Opt, ZLC,BO_Opt, (ZLP,BO_Opt)*, ZSC_Opt and ZSP_Opt
represent the corresponding simulated impedance trajectories,
with * denoting the complex conjugate, and Pout,sat signifies the
simulated output power at saturation, respectively.
In this paper, we apply Keysight's Advanced Design

System (ADS) to acquire training data, and use the R
Programming Environment to implement model regression and
search algorithm. Fig. 7 illustrates the proposed multi-objective
BO strategy for a broadband DPA design. Fig. 8 shows the
complete schematic of the broadband DPA design. In order to
reduce the dimension of design variables, a fixed post-matching
network [10] is selected to transform the combining load
ZL=25 Ω to the 50 Ω port, resulting in 36 design variables for
the DPA design optimization. The method of sub-models in [17]
is applied for the model regression in this paper with the
following two reasons: 1) Sub-models enable the search
algorithm to find the optimum design variables efficiently in a
high-dimensional space; 2) Since the ADS harmonic balance
simulator may fail to converge with unreasonable design
variables, the training data is obtained from a ±β% range of the
current design variables. A good parameter ±β% must ensure

100

Z L  25  to Output Port 50 

100
50
50
Fig. 8. Complete schematic for the broadband DPA design. The two numbers separated by the "/" represent the width/length of the microstrip lines.
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TABLE I
INITIAL DESIGN VARIABLES USING THE SRFT FOR CIRCUIT SIMULATION OPTIMIZATION
W2
W3
W4
W5
W6
W7
W8
W9
1.63
15.30
2.21
27.91
26.15
5.75
1.63
15.30
W14
W15
W16
W17
L1
L2
L3
L4
5.00
2.00
5.00
1.00
5.00
5.00
5.00
5.00
L9
L10
L11
L12
L13
L14
L15
L16
5.00
5.00
5.00
5.00
5.00
5.00
5.00
5.00

W10
2.21
L5
5.00
L17
15.00

W11
27.91
L6
5.00
L18
2.00

W12
26.15
L7
5.00
L19
15.00

W1
7.08
W13
1.42
L8
4.77

TABLE II
OPTIMIZED DESIGN VARIABLES USING THE PROPOSED METHOD WITH CIRCUIT SIMULATION
W2
W3
W4
W5
W6
W7
W8
W9
W10
1.36
16.21
1.90
30.00
19.74
5.25
1.34
18.07
3.66
W14
W15
W16
W17
L1
L2
L3
L4
L5
6.09
1.60
4.51
0.63
4.25
4.10
2.38
4.55
4.28
L9
L10
L11
L12
L13
L14
L15
L16
L17
5.23
4.67
7.00
3.13
2.40
3.33
5.41
5.70
17.72

W11
21.22
L6
5.57
L18
3.50

W12
28.67
L7
5.58
L19
19.28

Parameter
Value (mm)
Parameter
Value(mm)
Parameter
Value(mm)

W1
5.74
W13
2.00
L8
8.83

TABLE III
OPTIMIZED DESIGN VARIABLES USING ADS QUASI-NEWTON WITH CIRCUIT SIMULATION
W2
W3
W4
W5
W6
W7
W8
W9
W10
1.96
9.90
2.12
27.99
27.45
10.69
1.51
5.16
12.86
W14
W15
W16
W17
L1
L2
L3
L4
L5
27.64
20.64
4.44
0.69
4.34
3.96
2.72
4.59
6.49
L9
L10
L11
L12
L13
L14
L15
L16
L17
1.20
1.35
11.04
6.61
3.99
1.11
11.22
4.00
15.00

W11
29.82
L6
6.83
L18
1.92

W12
28.28
L7
6.27
L19
15.00

Parameter
Value (mm)
Parameter
Value(mm)
Parameter
Value(mm)

TABLE IV
OPTIMIZED DESIGN VARIABLES USING ADS SIMULATED ANNEALING WITH CIRCUIT SIMULATION
W1
W2
W3
W4
W5
W6
W7
W8
W9
W10
4.89
4.23
7.79
4.69
4.36
6.80
8.37
6.17
6.41
5.50
W13
W14
W15
W16
W17
L1
L2
L3
L4
L5
4.63
1.97
1.60
2.23
0.68
2.27
4.35
3.14
1.10
2.78
L8
L9
L10
L11
L12
L13
L14
L15
L16
L17
4.90
3.16
5.35
3.29
1.00
1.02
2.59
3.66
4.93
16.76

W11
5.19
L6
2.78
L18
1.50

W12
7.36
L7
4.38
L19
16.06

Parameter
Value (mm)
Parameter
Value(mm)
Parameter
Value(mm)

Parameter
Value (mm)
Parameter
Value(mm)
Parameter
Value(mm)

W1
5.75
W13
2.00
L8
5.00

harmonic balance simulation convergence in ADS. In this
paper, we select a ±20% range for the data sampling. Due to
these constraints, the optimization may converge at a local
minimum, rather than the desired global minimum. However,
the proposed method has been found highly capable in terms of
finding satisfactory solutions for DPA designs, as validated in
Section V.
The optimization process for DPA designs in Fig.7 is
detailed in the following steps:
1) First, we provide initial design variables x0 and set the
number of training points, N. The iteration number or limited
tolerance is also required to terminate the optimization.
2) Using the Latin Hypercube Sampling Technique [31], the R
algorithm creates N groups of new design variables within a
±20% range of the current design variables. In order to
reduce the risk of converging at a local minimum, the
random seed should be renewed at each iteration.
3) Receiving the new design variables, ADS runs the harmonic
balance simulation for the DPA design, and outputs the
simulated load impedances, source impedances and the peak
output power.
4) After obtaining new training data from ADS, the R algorithm
constructs the sub-models for the objective functions of
(11)-(14), respectively, and predicts new design variables
using the SMS-EGO algorithm. In order to achieve good
optimization convergence, we reject those design variables
deteriorating the load impedances of (11)-(12), and retain the

current best design variables.
5) Repeating the steps 2-4, the optimization algorithm outputs
the best design variables when the iteration number or
limited tolerance is reached.
V. DPA DESIGN AND VERIFICATION
A. Circuit Simulation Optimization
For verification, we optimized a broadband 20-W GaN DPA
from 1.5 to 2.4 GHz using the proposed method. Taking
account of the expensive computational cost in harmonic
balance simulation, we used 100 training data to construct
sub-models for the broadband DPA in Fig. 8. The DPA design
was simulated on a Taconic RF35 substrate with εr=3.5 and a
thickness of 1.52 mm. The bounded range for the widths of the
microstrip lines in Fig. 8 was 1 mm <W<30 mm, corresponding
to the characteristic impedance range of, 9 Ω < Zc< 90 Ω, on
the RF35 board, and the lengths were only constrained to be
greater than 0.5 mm in order to guarantee correct fabrication of
the design. The iteration number is set to 20. The initial design
variables of the matching networks were obtained using the
SRFT, x0 = [W1, W2, …, W17, L1, L2, …, L19], with the values
listed in Table I. Following the optimization strategy in Fig. 7,
the DPA design was optimized from 1.5 to 2.4 GHz with a step
of 0.1 GHz. The optimization process was implemented on a
computer featuring an Intel Core i7-3770 CPU @ 3.40 GHz
with 16.0 GB RAM, and each iteration approximately took 11
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Parameter
Value (mm)
Parameter
Value(mm)
Parameter
Value(mm)

Parameter
Value (mm)
Parameter
Value(mm)
Parameter
Value(mm)

W1
5.56
W13
3.00
L8
6.00

TABLE V
INITIAL DESIGN VARIABLES USING THE SRFT FOR EM SIMULATION OPTIMIZATION
W2
W3
W4
W5
W6
W7
W8
W9
1.87
14.33
2.68
24.75
28.75
5.56
1.87
14.33
W14
W15
W16
W17
L1
L2
L3
L4
6.00
3.00
6.00
0.80
6.00
6.00
6.00
6.00
L9
L10
L11
L12
L13
L14
L15
L16
6.00
6.00
6.00
6.00
6.00
6.00
6.00
6.00

W10
2.68
L5
6.00
L17
20.00

W11
24.75
L6
6.00
L18
1.00

W12
28.75
L7
6.00
L19
10.00

W1
3.94
W13
2.99
L8
4.73

TABLE VI
OPTIMIZED DESIGN VARIABLES USING THE PROPOSED METHOD WITH EM SIMULATION
W2
W3
W4
W5
W6
W7
W8
W9
1.14
11.47
3.38
20.26
18.44
7.82
2.02
22.67
W14
W15
W16
W17
L1
L2
L3
L4
8.17
2.38
6.15
0.97
3.78
6.06
6.48
8.62
L9
L10
L11
L12
L13
L14
L15
L16
6.87
3.07
10.20
6.28
4.00
4.67
2.51
12.97

W10
6.23
L5
9.73
L17
20.06

W11
29.73
L6
3.65
L18
3.50

W12
29.41
L7
7.49
L19
15.05

(a)

Fig. 9. Optimization convergence.

(b)
Fig. 11. Comparison between the proposed optimization method with ADS
built-in optimizer. (a) Back-off efficiency. (b) Saturated output power.

Fig. 10 Performance comparison between the optimized design and initial
design.

minutes. After 20 iterations, the proposed method returned the
optimized design variables, as shown in Table II.
Fig. 9 shows the convergence of the optimization process.
The normalized errors of the objective functions reduce very
quickly in the 20 iterations. Better optimization results could be
obtained after more than 20 iterations, but the performance
improvement was not very significant. Considering the
expensive computational cost of running additional iterations
for only a small improvement in performance, it would seem
prudent to limit the number of iterations to 20.

Fig. 10 shows the comparison between the optimized design
and the initial design. Compared to the initial design, the
optimized design achieves significant improvement in terms of
efficiency, gain and output power from 1.5 to 2.4 GHz. Over
the entire band, the saturated efficiency varies between 59.6%
and 76.8%, and the 6 dB back-off efficiency ranges from 46.0%
to 54.2%. The saturated output power is greater than 43 dBm,
and the gain fluctuation is less than 5 dB in the back-off power
region.
In order to compare the proposed optimization method with
commercial software optimizer, we optimized anther two DPA
designs using the ADS built-in optimizer with quasi-Newton
and simulated annealing algorithms, respectively. These two
comparison designs were optimized while keeping the same
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(a)

(a)

(b)

(b)
Fig. 12. Optimized impedance trajectories of the DPA design. (a) Comparing
impedance trajectories for the Carrier PA. (b) Comparing impedance
trajectories for the Peaking PA.

variable setting and objective functions.
Once the optimization could not find further improvement,
the ADS quasi-Newton and simulated annealing algorithms
returned the design variables, listed in Table III and Table IV,
respectively.
Fig. 11 compares the optimized results using the proposed
multi-objective BO and the ADS optimizer. Both the
algorithms of quasi-Newton and simulated annealing in the
ADS optimizer achieve 6 dB back-off efficiency lower than
44% from 1.5 to 2.4 GHz. As for the multi-objective BO, it
obtains higher than 46% back-off efficiency across the band,
with saturated output power greater 43 dBm. Clearly, the
proposed optimization method performs better than the ADS
optimizer in the broadband DPA designs. It is worth pointing
out that the comparisons were obtained according to the best
knowledge of the authors in using ADS.
B. EM Simulation Optimization
As is well known, EM simulation achieves more accurate

(c)
Fig. 13 Comparisons between the measurement and EM simulation. (a)
1.6 GHz. (b) 2.0 GHz. (c) 2.4 GHz. See text for explanation of "Mixed Calc.".

performance than circuit simulation. It is of considerable
valuable to apply EM simulation with the proposed
multi-objective BO to optimize a broadband DPA design. To
illustrate the proposed method not relying on a particular initial
guess, this paper started the EM simulation optimization with a
different initial design variables, as shown in Table V.
The EM simulation optimization was implemented on the
same computer using the Momentum simulator in ADS, and it
required an average time of 6 hours for each
iteration (including 101 EM analyses). After 20 iterations, we
obtained the optimized design variables for the DPA, as shown
in Table VI.
Fig. 12 shows the optimized impedance trajectories for the
Carrier and Peaking PAs. The initial load impedances are far
away from the desired load impedances, while the optimized
load impedances are close to the desired values. As for the
Carrier PA, the optimized back-off load impedances deviates a
little from the desired values in the higher frequency range,
degrading back-off efficiency from 2.1 to 2.4 GHz. This can be
further verified by comparing the measured efficiency in
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Fig. 14 Fabricated DPA using the proposed optimization method.

Fig. 16 Measured efficiency and gain versus output power under CW
excitation.

Fig. 15. Measurement platform.

Section VI.
Fig. 13 shows the comparisons between the measurement
and EM simulation at 1.6 GHz, 2.0 GHz and 2.4 GHz,
respectively. It was pointed out in [32] that Cree models in
class-C operation behave less accurately than the
commonly-used class-AB operation. For this reason, the
simulated drain dc current does not precisely predict measured
values, resulting in a mismatch between the measured and the
EM simulated efficiency. When using the EM simulated output
power and measured dc drain current to calculate the efficiency
("Mixed Calc." in Fig. 13), we found that the efficiency was in
close agreement with the measured values.
The above two cases both achieved good performance for the
DPA designs in the paper. However, there are certainly some
combinations of widths and lengths which will cause
convergence issues for the ADS harmonic balance simulator,
and these will, in turn, cause the optimization to fail.
VI. MEASUREMENT VERIFICATION
To further verify the proposed method, the optimized DPA
using EM simulation was fabricated on a Taconic RF35
substrate, with the design variables listed in Table VI, as shown
in Fig. 14. The quiescent drain current for the Carrier PA was
set to 90 mA, and a -7.5 V gate voltage was selected for the
Peaking PA, with both drain bias supplying a voltage of 28 V.
The measurement setup for the test is shown in Fig. 15.
A. Continuous Wave Signal Test
Fig. 16 reveals the measured efficiency and gain with respect
to the output power. Under continuous wave (CW) excitation,

Fig. 17 Measured output power and efficiency across the band under CW
excitation.

the DPA achieves a peak efficiency of 57.4%-74.8% and a 6 dB
back-off efficiency of 45.5%-56.7% from 1.5 to 2.4 GHz. The
saturated output power is greater than 43.1 dBm across the
band, with gain flatness less than 3.5 dB in the back-off power
region. Fig. 17 shows the measured efficiency and output
power on the dependence of frequency. Due to the impedance
mismatch in Fig. 12, the degradation of back-off efficiency
happens from 2.1 to 2.4 GHz. However, the optimized DPA
still achieves 6 dB back-off efficiency higher than 45.5% over
the band.
B. Modulated Signal Test
To further evaluate the efficiency and linearity performance
of the DPA, a single-carrier 20 MHz LTE signal with
PAPR=6.7 dB was used for the test when keeping the same bias
conditions. Fig. 18 shows the measured average efficiency and
adjacent channel power ratio (ACPR) at 2 GHz under the
modulated signal. The average efficiency at 2 GHz is 52% at
7 dB back-off, with the ACPR levels of -34.5 dBc and
-34.1 dBc at upper and lower bands, respectively. From the
power spectrum density (PSD) in Fig. 19, we can see that the
ACPR levels at 2 GHz decrease to -50.3/-50.6 dBc after using
digital predistortion (DPD) [33]-[34]. The AM/AM and
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Fig. 18 Measured efficiency and ACPR at 2 GHz using a single-carrier
20 MHz LTE signal with PAPR=6.7 dB.
Fig. 20 AM/AM and AM/PM characteristics with/without DPD at 2 GHz
using a single-carrier 20 MHz LTE signal with PAPR=6.7 dB.

Fig. 19 Measured output signal spectrum at 2 GHz using a single-carrier
20 MHz LTE signal with PAPR=6.7 dB.

AM/PM characteristics with and without DPD at 2 GHz are
shown in Fig. 20.
Furthermore, the measured average efficiency and ACPR
levels with respect to frequency are presented in Fig. 21. From
1.5 to 2.4 GHz, the DPA achieves an average efficiency of
45.3%-53.6% at 7 dB back-off. The ACPR levels without DPD
range from -26.1 dBc to -36.9 dBc across the band, while they
improve to between -45.6 dBc and -51.9 dBc after using DPD.
Although memory effects will potentially have an impact on
this GaN-based DPA design, the measured results show that the
DPD is able to account for any memory effects that may have
been present.
Table VII gives the summary of this work with some recently
published broadband DPAs. In comparison to those designs
using packaged devices, this work has a larger fractional
bandwidth with comparable efficiency at 6 dB back-off.
VII. CONCLUSIONS
In this paper, an optimization method based on
multi-objective Bayesian Optimization was presented to design
a 20-W GaN DPA from 1.5 to 2.4 GHz. The proposed method
optimized the DPA's matching networks by aligning the desired
and the realized impedance trajectories, resulting in proper
active load modulation. This optimization method was
implemented automatically on the platform, which consisted of
the R Programming Environment and ADS. The proposed
method was verified by optimizing broadband DPA designs
using circuit simulation and EM simulation, respectively. The
optimized DPA using EM simulation was fabricated and
measured under the excitation of a single-carrier 20 MHz LTE
signal with a PAPR of 6.7 dB. Moreover, comparison designs

Fig. 21 Measured efficiency and ACPR across the band using a single-carrier
20 MHz LTE signal with PAPR=6.7 dB.
TABLE VII
COMPARISON WITH SOME RECENTLY PUBLISHED BROADBAND DPAS
DE at
DEsat
Frequency FBW
Pout,sat
Ref.
6 dB
Year
(dBm)
(%)
(GHz)
(%)
OBO (%)
[4]1
1.7-2.6
42
42.1-45.3 50-55
41-55
2011
[12]1
2.2-3.0
31
39.4-41.8 55-68
36-48
2012
[8]2
1.5-2.4
46
~42
52-68
49-62
2013
[5]2
1.05-2.55
83
40-42
45-83
35-58
2014
[9]1
1.6-2.4
40
42.7-43.3 72-77
55-63
2015
[10]1
1.7-2.6
42
44.6-46.3 57-66
47-57
2015
This
1.5-2.4
46
43.1-44.4 57-74
45-56
2016
1
Work
1
DPA using packaged device.
2
DPA using bare-die device.
The acronyms FBW and DE represent the fractional bandwidth and drain
efficiency, respectively.

revealed that the proposed method surpassed the ADS built-in
optimizer for the DPA's complex matching problem.
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