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Abstract — This paper presents a deep learning-assisted
methodology for the inverse synthesis of a compact, wideband
inverted Doherty power amplifier (PA). Convolutional neural
networks (CNNs) and genetic algorithms (GAs) are jointly
employed to generate pixelated Doherty combiner networks
that integrate load modulation, impedance matching, power
combining, and phase compensation into a single structure. As
a proof of concept, we design and fabricate a GaN HEMT
Doherty PA with a pixelated output combiner. The prototype
achieves a measured peak drain efficiency of 51%–63% and
a 6-dB back-off efficiency of 48%–54% over 1.9–2.5 GHz.
Within the same frequency range, the measured output power
is 44±0.3 dBm. Furthermore, with digital predistortion (DPD)
applied, the prototype circuit demonstrates an adjacent channel
leakage ratio (ACLR) better than -53.2 dBc.

Keywords — Artificial intelligence (AI), deep learning, Doherty
power amplifier, energy efficiency, GaN HEMT, machine learning.

I. INTRODUCTION

As data throughput continues to increase dramatically
and more complex modulation schemes are adopted, power
amplifiers (PAs) must maintain high efficiency at significantly
reduced output power levels while also operating over
wider frequency ranges. The Doherty PA remains one of
the most widely deployed architectures because it provides
substantial back-off efficiency enhancement with a simple
circuit implementation. This advantage is especially notable
when compared with more recently proposed load-modulated
PA architectures [1], [2], [3], [4], [5]. However, designing the
Doherty combiner is highly challenging because the main and
auxiliary amplifiers interact directly through this network, and
this strong interaction also limits the achievable bandwidth.

Recently, inverse design techniques based on pixelated
circuit layouts and deep learning have been introduced
for RF circuit design [7]. These methods explore arbitrary
electromagnetic (EM) layouts and can uncover non-intuitive
solutions that are more capable of locating globally optimal
designs. As a result, they have been successfully applied to a
variety of PA implementations across different frequency bands
and processes [7], [8], [9]. In [10], we extended this approach
to the Doherty PA by treating the Doherty combiner as a lossy
and reciprocal two-port network, as illustrated in Fig. 1(a). We
first combined the black-box Doherty design method with deep
learning to synthesize a pixelated three-port Doherty combiner
directly from load-pull data. The black-box Doherty method
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Fig. 1. (a) Synthesis of the Doherty combiner with three implementations:
Combiner A (conventional), Combiner B (black-box), and Combiner C
(inverted). (b) Magnitude of the impedances presented to the main and
auxiliary current-source planes at back-off for Combiners A–C [6].

is advantageous because it provides an extended dynamic
range when symmetric transistors are used. However, as shown
in Fig. 1, the Combiner B synthesized using this approach
exhibits degraded bandwidth performance. To address this
limitation, we proposed a dual-state impedance synthesis
Doherty design methodology in [11] to realize the conventional
Doherty PA (Combiner A) with slightly improved bandwidth.
Nevertheless, the bandwidth of the conventional Doherty
PA remains limited. The inverted Doherty PA, originally
proposed in [12], [13] and corresponding to Combiner C, offers
significantly greater bandwidth potential.

In this paper, we propose the first inverted Doherty PA
design driven by deep learning. We leverage the dual-state
impedance synthesis approach and train deep convolutional
neural networks (CNN) as a surrogate model to replace
full-wave EM simulation, allowing us to rapidly capture the
nonlinear relationships between pixelated EM structures and
S-parameters. Together with a genetic algorithm (GA), we have
successfully designed and validated a GaN HEMT Doherty PA
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Fig. 2. Inverse-design workflow for pixelated conventional and inverted Doherty combiners using deep convolutional neural networks (CNNs) and a genetic
algorithm integrated with the dual-state impedance-synthesis method proposed in [11].

prototype that use compact pixelated combiners and achieve
excellent measured performance over a wide bandwidth.

II. THEORY

A. Inverted Doherty Output Combiner Synthesis with
Dual-State Impedance Approach

As shown in Fig. 2, the overall Doherty combiner can be
treated as a reciprocal and lossy two-port network (denoted
as A2p) when the load port is terminated with 50 Ω. The
transistor parasitics and the equivalent packaged circuit can
be extracted from either simulation or measurement [8], and
their ABCD matrix is denoted as Apar. Together with the
pixelated Doherty output network Apixel, the ABCD matrix
of the overall two-port network presented to the Doherty PA
transistor’s current-source plane can be expressed as [11]

A2p = AparApixelApar (1)

It is then straightforward to convert the A2p into the impedance
matrix Z2p. The matrix Z2p characterizes the interaction
between the main and auxiliary amplifiers, and the following
relation holds [

Vm
Va

]
= Z2p

[
Im
Ia

]
(2)

Since the impedance matrix Z2p depends only on the
pixelated combiner (the parasitic and packaged elements are
already known), we can easily set up a simple AC simulation
to determine the impedances seen at the main and auxiliary
current-source planes. Note that we assume a symmetrical
Doherty configuration, which means that at peak power the
condition |Ia| = |Im| holds, and that at back-off power
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Fig. 3. Comparison of CNN-predicted (dashed) and EM-simulated (solid)
impedance at the main current-source planes of the synthesized inverted
Doherty combiner at back-off power.

the auxiliary amplifier is open for both the conventional and
inverted Doherty cases.

• Conventional Doherty PA: Since ̸ (Ia, Im) = 90◦, at
peak power, we assume Im = 1A and Ia = 1jA. At
back-off power, we set Im = 1A.

• Inverted Doherty PA: Since ̸ (Ia, Im) = −90◦, at peak
power, we assume Im = 1jA and Ia = 1A. At back-off
power, we set Im = 1jA.

B. Deep Convolutional Neural Network and Genetic
Algorithm for Pixelated Doherty Combiner Generation

We encode each planar circuit layout as a binary
15×15 grid, where ”1” denotes metal and ”0” represents
empty space. Each pixel measures 1.2 × 1.2 mm and a
40% metal overlap is applied to guarantee reliable diagonal
connectivity. To train the deep CNN, we generated a
dataset of 5000 layouts together with their EM-simulated
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Fig. 4. Circuit schematic of the proposed Inverted Doherty PA.
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Fig. 5. The fabricated prototype circuit with dimensions of 78 mm× 72 mm.

S-parameters. The layouts follow a normally distributed metal
density (mean 50%, standard deviation 15%). Python scripts
automatically controlled ADS Momentum to run the EM
simulations, and we expanded the dataset by four times through
flipping and rotation for augmentation. Figure 2 illustrates the
deep CNN structure with residual connections. The model
takes the binary layout matrix as input and predicts the
corresponding S-parameters. The network contains twelve
convolutional layers followed by five fully connected (FC)
layers. Each convolution stage uses batch normalization and
a leaky-ReLU activation. After feature extraction, the output
feature maps are flattened before the FC layers. Dropout
regularization is applied during training to reduce overfitting.

After training, the CNN surrogate is paired with a GA
to explore the layout space efficiently. Tournament selection
and an injection-type mutation introduce fresh candidate
matrices to maintain population diversity. The GA optimizes
the combiner layout so that, over 1.8–2.6 GHz:

• ℜ(Zm,peak) & ℜ(Za,peak) stay within ±10% of Ropt,
• ℜ(Zm,bo) remains within ±10% of 2Ropt,

while minimizing the imaginary components.
As illustrated in Fig. 3, the synthesized inverted Doherty

combiner shows good agreement between the CNN-predicted
impedances and full-wave EM results at back-off. The
employed transistor exhibits an optimal load of Ropt = 30 Ω,
consistent with the target impedance goals.

III. PROTOTYPE DESIGN AND MEASUREMENT RESULTS

Fig. 4 presents the complete schematic of the proposed
inverted Doherty PA. The prototype is implemented on a
20-mil Rogers 4350B substrate and employs two 10-W
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Fig. 6. Measured small-signal results of the fabricated prototype circuit.
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Fig. 7. Measured drain efficiency and gain of the fabricated prototype circuit
as functions of output power over the 1.9− 2.5 GHz frequency range.
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Fig. 8. Measured saturated output power, peak drain efficiency, and 6-dB
back-off drain efficiency of the fabricated prototype versus frequency.

packaged GaN HEMT devices from Macom serving as
the main and auxiliary transistors. As shown in Fig. 5,
the fabricated circuit occupies a compact footprint of
78 mm × 72 mm. We conducted small-signal characterization,
large-signal continuous-wave (CW) measurements, and
modulated-signal testing to evaluate the performance of the
prototype. During all measurements, the main amplifier was
biased with a gate voltage of −2.45 V, yielding a quiescent
current of approximately 20 mA. The auxiliary amplifier gate
was biased at −7 V, and the drain bias voltage for both
devices was maintained at 28 V.

The small-signal measurement results are presented in
Fig. 6. The measured response shows good agreement with the
EM simulations, with only a slight frequency shift observed
at the upper end of the band. The prototype exhibits a
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Fig. 9. Normalized output spectrum of the fabricated prototype with a
40-MHz, 7-dB PAPR OFDM signal at 2.2 GHz before and after DPD.

Table 1. Summary Of State-of-the-Art Load-Modulated PAs.

Ref. Arch. Freq ηSAT ηBO-6dB PSAT ACLR
(GHz) (%) (%) (dBm) (dBc)

[3]’20 SLMBA 3.0–3.5 60–74 50–64 42.3 -46.7

[14]’25 OLMBA 0.8–1.6 63–66 48–57 46 -45.0

[15]’23 2-DPA 3.0–3.5 51–55 43–45 43.0 -49.1

[16]’23 2-DPA 3.3–3.9 48–53 34–45 45.6 N.A.

This Work DPA 1 1.9–2.5 51–63 48–54 44.0 -53.2

small-signal gain (S21) exceeding 10 dB across the 1.8 −
2.6 GHz frequency range.

The CW measurement results are summarized in Fig. 7
and 8. The measured drain efficiency and gain are plotted
as functions of the output power across the 1.9 − 2.5 GHz
frequency range. Clear Doherty-type efficiency enhancement
behavior is observed throughout the design band. Fig. 9
further consolidates the performance across frequency. Over
the 1.9 − 2.5 GHz bandwidth, the prototype delivers a peak
output power of 44 ± 0.3 dBm. The corresponding peak
drain efficiency is within 51% − 63% while the efficiency
at 6-dB back-off remains 48% − 54%. The prototype was
further evaluated using a 40-MHz OFDM signal with a 7-dB
PAPR. As shown in Fig. 9, the adjacent channel leakage
ratio (ACLR) improves from −28.6 to −53.2 dBc after
applying DPD. Table 1 compares the fabricated PA with recent
load-modulated PA designs. The proposed prototype achieves
high efficiency and wide bandwidth within a compact footprint,
demonstrating the effectiveness of the deep learning-based
design methodology.

IV. CONCLUSION

This paper introduces a deep learning–driven methodology
for designing an inverted Doherty PA with a pixelated output
combiner. By combining a deep CNN surrogate model with
a genetic algorithm, the proposed approach enables efficient
inverse synthesis of a compact, wideband Doherty output
network. A 1.9–2.5 GHz prototype validates the method,
achieving 51% − 63% peak efficiency, 48% − 54% back-off
efficiency, and a saturated power of 44 ± 0.3 dBm. These
results demonstrate the strong potential of deep learning–based
inverse synthesis with pixelated EM sturctuers in advancing
wideband Doherty PA design.
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