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Abstract

Deep learning (DL) has been applied to phase control in coherent beam combining (CBC) recently. However, existing
DL-based approaches for filled-aperture CBC essentially convert the phase-locking path into tiled-aperture schemes.
Consequently, common-path phase locking in DL-based filled-aperture CBC remains unrealized. Common-path refers to
a phase-locking scheme in which the phase information is extracted from the combined beam after the same combining
system. In this paper, a common-path phase-locking method is proposed. By exploiting the intrinsic nonuniformity,
each laser source is effectively labeled, enabling a mapping between the combined speckle and the multi-source phase.
A neural network is employed to reconstruct the phase. Simulations with 25-channel CBC demonstrate a phase-locking
accuracy of up to A/39. Notably, it remains effective under dynamic phase disturbances. Our work presents a common-
path phase-locking approach based on a neural network for filled-aperture CBC, which can offer a new solution for the

field.
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1. Introduction

Coherent beam combining (CBC) has gained significant
attention as an effective strategy for scaling the output
power of fiber lasers beyond the limits set by thermal
mode instability (TMI) and nonlinear effects!!™. By
employing phase control loops to compensate for the relative
phase differences among individual lasers, constructive
interference can be maintained. Therefore, the phase-locking
method is critical to the combining efficiency, output
power and locking bandwidth in CBC systems>®). Initial
efforts relied on passive phase control via energy coupling
mechanisms or nonlinear interactions to achieve automatic
phase fluctuation compensation among channels”'",
enabling up to 25-channel combining!'”!. However, such
passive schemes are challenging to apply in high-power
systems!'?l. As a result, active phase control has become the
dominant approach for high-power CBC!%!%!51, This method
retrieves phase information through power or combined laser
facula and reconstructs the phase via dedicated algorithms,
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so the phase-locking performance primarily depends on the
hardware and algorithmic implementation. Among these
algorithms, the stochastic parallel gradient descent (SPGD)
method is currently the most widely used and has led to
significant advances. In continuous-wave systems, SPGD-
enabled CBC has scaled output power from 4 kW'l to over
20 kW!!71, with combining channels reaching the thousand-
level scale!'®]. In ultrafast laser systems, output powers have
also reached 10 kW in recent years!'>?1, further demonstrat-
ing the strong potential of CBC. However, as the number of
channels continues to increase, conventional phase-locking
methods face growing challenges, including limited locking
bandwidth and reduced combining efficiency!®>'!.

To address these challenges, the phase-locking algorithm
needs to be improved. Traditional algorithms do not directly
estimate the phase of each beam. Instead, they rely on
perturbation-based approaches to iteratively approximate the
optimal phase configuration. As the number of laser sources
increases, the convergence speed slows down, resulting in a
limited locking bandwidth. Recently, researchers have begun
using neural networks to directly estimate the phase of each
beam from the output intensity pattern!””~>*l. Theoretically,
a well-trained network could directly output the phase of
light sources in one single step, regardless of the number of
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sources, as the mapping between the spot patterns and phases
has been established. In tiled-aperture CBC, experimental
implementation using a neural network has achieved phase
locking for 100 channels””!. Since the spot positions from
individual sources differ at the non-focal plane, the mapping
between spot patterns and phases can be readily established.
This also makes generating higher-order structured light,
such as vortex beams, possible within this scheme!?*30-331,
To enhance the combining efficiency, adopting a filled-
aperture CBC scheme might be necessary, as it avoids
sidelobe energy loss!'>?"-2%34] 'However, applying neural net-
works in this scheme presents greater difficulty in establish-
ing the mapping between spot patterns and phases. A single
spot pattern could potentially correspond to multiple phase
states. Here, we term this phenomenon ‘phase ambiguity’.
One approach involves converting the detection beam path
into a tiled-aperture configuration and then utilizing a neural
network for learning!”®. Although this method is effective,
it introduces additional complexity. Furthermore, the differ-
ence between the detection and combining beam paths will
lead to extra optical path differences.

In this work, a common-path, neural-network-based phase-
locking method for filled-aperture CBC is proposed. By
utilizing the inherent mode nonuniformity of light sources,
we establish a one-to-one mapping between the interference
pattern and the multi-source phases. The optical config-
uration is simple, and the phase determination requires
only beam splitting at the final output for pattern mea-
surement. Our method enables single-step recovery of all
relative phases of the laser sources for rapid phase locking.
Simulation validation on a 25-channel filled-aperture CBC
system achieves a phase residual error of A/39, confirming
the method’s feasibility. We further evaluate the ResNet and
classical multilayer perceptron (MLP) architectures for this
task. ResNet successfully reconstructs phase distributions,
while the structurally simpler MLP fails to yield accurate
solutions. Successful phase recovery with alternative net-
works demonstrates the adaptability of our method. More-
over, the method remains effective under dynamic noise
conditions, suppressing disturbances within the simulated
locking bandwidth. This work provides a solution enabling
filled-aperture CBC with both a high channel count and wide
locking bandwidth. We believe this approach holds potential
to advance CBC capabilities and applications.

2. Principle

2.1. Optical configuration

The optical configuration enabling neural-network-based
phase locking for filled-aperture CBC is illustrated
in Figure 1. A seed laser comprises a single-frequency fiber
laser and a high-frequency phase modulator to spectrally
broaden the output and suppress stimulated Brillouin
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scattering (SBS). The beam passes through a pre-amplifier
before being split into multiple channels via a beam splitter,
serving as seeds for individual channels. Then, each channel
incorporates a low-frequency phase modulator and cascaded
amplifiers, followed by a collimator. The combining
module encompasses any filled-aperture coherent combining
scheme, such as diffractive optical elements!*!, photonic
lanterns*®! or polarizing beam splitters!*’). A fraction of the
combined output is diverted to a simulated camera via a
beam splitter and a lens. The combined laser spot pattern is
then processed by the phase control module, which outputs
the control voltages for phase modulators. This module hosts
a neural network trained to decode phase states from the spot
pattern. The critical challenge lies in establishing a one-to-
one mapping between the spot pattern and multi-source
phases and overcoming phase ambiguity. Our approach
utilizes source mode nonuniformity to break ambiguity
constraints, followed by neural-network-based decoupling
of deep features within the pattern. Detailed explanation
follows in subsequent sections.

To provide sufficient data for the neural network, a large
number of output intensity profiles and corresponding phase
distributions need to be generated. Starting from the optical
fields emitted by individual fibers, we simulate the field
evolution of each source and finally compute the coherent
combination to obtain the output beam profile. Given that
multiple propagation processes are involved and the trans-
verse size of the field may vary significantly at different
planes, the Fresnel diffraction integral algorithm, which
offers higher precision, is adopted here. The governing
equation is as follows?*®:

exp(ikd) - exp x +y
u(xy) = - dzd / f ity (X0, ¥o)

ex ik (x0® +0%)
p 2d 0" 1Yo
l
- €exp |:_E (xox—i-yoy)} dxodyp, (D

where u(x,y) denotes the diffracted optical field at the obser-
vation plane, u;(xo, yo) is the complex amplitude distribution
at the source plane, k is the wavenumber with A being the
wavelength of the incident light and d is the propagation
distance between the source plane and the observation plane.
The coordinates (xg,yp) and (x,y) represent the transverse
positions in the source and observation planes, respectively.

Direct evaluation of this equation is computationally
intensive. Therefore, a secondary transformation has to be
applied. By discretizing the integral term in Equation (1),
the summation can be reformulated as matrix operations,
allowing all terms to be evaluated simultaneously. This
can significantly improve computational efficiency. The
implementation is described in Ref. [39].
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Figure 1. The optical configuration enabling neural-network-based phase locking for filled-aperture CBC. PA, pre-amplifier; FS, fiber splitter; PM, phase

modulator; CFA, cascaded fiber amplifiers; BS, beam splitter; FL, focus lens.

The effect of the lens on the optical field is represented by
a quadratic phase factor:

k
Uy (x1,y1) = exp <—i§ (x12+)’12)) up (xy), (2

where f is the focal length of the lens and (x;,y;) denote
the transverse coordinates in the lens plane. The quadratic
phase factor describes the modulation introduced by the lens,
which enables focusing at the focal plane.

With the above equations, we are now equipped to simulate
the final coherently combined field. Note that u6 (x0,¥0), the
complex amplitude distribution at the source plane, repre-
sents the optical field of each source after phase modulation:

gy (X0, o) = €xp (igj) - uoj (x0.¥0) 3)

where the subscript j is used to label different laser sources.

2.2. Nonuniformity among multiple fiber laser sources

To proceed, it is necessary to determine the field distri-
bution of each laser source. As is well known, CBC typ-
ically requires polarization-maintaining, narrow-linewidth
fiber lasers as the light sources!*”l. In theory, we desire
these sources to have identical output power, linewidth, beam
quality and polarization extinction ratio (PER) — in other
words, to be uniform. However, in practice, especially when a
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large number of fiber laser sources are involved, it is virtually
impossible to ensure complete consistency among all output
characteristics, regardless of how carefully the system is
managed. This leads to unavoidable nonuniformity among
sources in CBC systems. This nonuniformity can manifest as
differences in power, linewidth, mode distribution and PER.
In this work, we focus particularly on modal nonuniformity.
Due to the differences in fiber bending, fiber length, splicing
conditions and other factors, the gain evolution in nominally
identical fiber lasers can still vary*'l, even if the differ-
ences are small. This phenomenon is especially common
in large-mode-area fibers. Consequently, the modal power
distribution and relative phase of the output beams differ
across sources, leading to differences in their output intensity
profiles*!1.

For filled-aperture CBC, the output beams from all chan-
nels are spatially overlapped in both the near-field and far-
field. This results in high beam quality and minimizes energy
loss due to sidelobes®®). However, such overlap introduces
a significant issue. Consider an ideal scenario in which all
lasers have identical power and Gaussian beam profiles,
and their beam directions are perfectly aligned. Under such
conditions, a given combined beam intensity profile could
result from many different phase configurations, making it
impossible to determine the exact relative phase of each
source. This phase ambiguity assumes that all output beam
profiles are identical, a condition that, as discussed above, is
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Figure 2. CBC beam intensity distribution with uniform sources and
nonuniform sources. (The red dots indicate the centroid positions of the
combined beam.)

not realistic in practice. Based on this consideration, we take
advantage of the modal nonuniformity, which ensures that
even with the same set of relative phases, different sources
produce distinct combined beam profiles. This effectively
‘labels’ each laser source with a unique modal feature. These
distinct ‘labels’ manifest as identifiable differences in the
combined beam intensity pattern, thus enabling a reliable
mapping from the output beam to the underlying phase
configuration.

To illustrate this concept more intuitively, we consider a
simplified case involving three fiber laser sources. As shown
in Figure 2(a), suppose all three sources emit Gaussian
beams. Phase shifts of 0, 7/3 and 7/6 are applied, with
one beam serving as a reference (phase = 0). Swapping the
phases of the other two beams results in the same combined
intensity profile. This is a clear example of phase ambiguity.
In contrast, when higher-order modes are introduced into
the source fields, making the beam profiles non-identical
(Figure 2(b)), the combined beam intensity patterns become
distinguishable when the applied phase shifts are swapped.
The phase ambiguity is resolved by modal nonuniformity.

By adjusting the proportions of higher-order mode content,
slight variations in the output beam profiles of the fibers can
be introduced. An example of the mode power distribution
for three sources is shown in Figure 3. The fiber parameters
are set as 25/400 wm with a numerical aperture (NA) of
0.065. For such fibers, the stable guided mode is LPy;. The
LPy mode accounts for approximately 90% of the total
power, while all other modes together constitute about 10%.
The beam quality factor (M?) of each source is calculated to
be close to 1.2.

Once the output fields of all sources are obtained, the
dataset required for training the network can be efficiently
generated using a computer. By randomly assigning phases
to each source, the intensity distribution of each beam can
be calculated using Equation (1). The intensity distribution
of the combined beam can be given by the following:

2

1 (xipyip) = | Yty (- p) | » )
j=1
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Sources 1 2 3
LPy, 90.0% 89.0% 92%
LPy1, 3.2% 2.9% 2.6%
LP11y 2.8% 2.1% 2.4%
LPy, 3.0% 2.4% 2.0%
LPyy, 0.4% 1.6% 1.2%
LP;y, 0.6% 2.0% 0.8%

M2 1.22 1.24 1.21

Figure 3. The mode power distribution and beam quality for nonuniform
sources.

where (xgp,yr,) are the transverse coordinates of the focal
plane, ug,;(xgp, yip) represents the focal-plane field contribu-
tion from different laser sources, the index j labels each
individual source and 7 is the total number of laser sources. It
is important to note that practical CBC requires beam align-
ment. Accordingly, our simulation also incorporates beam
alignment considerations. For simplicity, this is modeled as
centroid alignment. The centroid of each source’s output
field is calculated using the following expression:

- [0 X (x,y) dxdy
O = 9,
[ [T (x,y) dxdy
[T TR (x,y) dxdy
Yo = (5)

oo F ’
SO [ 1T (xy) dxdy

where [ is the intensity distribution of the optical field on this
plane.

Due to the modal nonuniformity among the sources, slight
deviations in the beam centroid positions naturally exist.
After aligning the centroids of all output fields on the focal
plane, the intensity distribution of the combined beam can
be calculated. This intensity profile, after normalization,
serves as the input to the neural network. Normalization is
applied not only to meet the requirements of neural network
training, but also to account for the automatic exposure
behavior commonly present in camera-based beam acqui-
sition systems. For the network output, prior studies have
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shown that representing each phase using its sine and cosine
components improves prediction accuracy and avoids the
discontinuity inherent in phase periodicity!”®!. Therefore, we
adopt a 1x2n vector as the network output, where n is the
number of beams.

2.3. Neural network construction

Although the source nonuniformity can help mitigate the
phase ambiguity problem, the mapping between the com-
bined speckle and the multi-source phase distribution is
generally very hard to resolve, especially as the number of
sources increases. Therefore, we leverage the strong learning
capability of neural networks to model this complex relation-
ship.

From a conceptual perspective, a neural network can be
viewed as a function approximator that learns the rela-
tionship between an input (the measured speckle intensity
distribution) and an output (the corresponding multi-source
phase distribution) directly from examples. Unlike conven-
tional phase estimation or optimization-based approaches,
this strategy does not require iterative calculations or detailed
physical inversion models. Instead, the network infers the
phase information through a single forward pass once train-
ing is completed, which significantly reduces computational
complexity and is particularly suitable for multi-channel
coherent beam combining systems. As the first choice, the
Visual Geometry Group (VGG) neural network is adopted
due to its implementation simplicity, sufficient depth and
extensive validation in prior studies!”>*>?%!. Given that the
objective is to demonstrate the feasibility and robustness of
neural-network-based phase estimation rather than to bench-
mark different network designs, the VGG neural network
provides a suitable balance between model capacity and
implementation transparency. The VGG network used in this
work consists of two main components: a feature extraction
module and a regression prediction module. The input to
the network is a single-channel speckle image generated
from filled-aperture CBC. The image is then passed through
seven cascaded convolution blocks for feature extraction.
Each block contains multiple 3 x3 convolutional layers with
rectified linear unit (ReLLU) activation and the same padding,
followed by a 2x2 max-pooling layer with a stride of 2
for spatial down-sampling. The number of feature channels
increases from 64 in the first block to 512 in the last
block, enabling hierarchical extraction of spatial features
from the speckle patterns. The regression prediction module
consists of three fully connected layers with 4096 neurons
each, both using ReLU activation. Dropout with a rate of
0.5 is applied after each fully connected layer to reduce
overfitting. The output layer contains 14 neurons with a
tanh activation function, constraining the predicted values
to the range [—1,1]. The outputs are reshaped into a 14x 1
vector corresponding to the phase-related parameters of the
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individual light sources. In total, the VGG network employed
here comprises 19 convolution layers and 3 fully connected
layers, enabling an end-to-end mapping from speckle images
to target phase vectors via progressive spatial compression.

In addition, the ResNet neural network, which has
demonstrated outstanding performance in image recognition
tasks!*>*!, is also employed for phase reconstruction. The
ResNet architecture is a deep convolutional neural network
that introduces residual connections to facilitate the training
of deeper models. Instead of learning a direct mapping
between the input and output of a convolutional block,
ResNet learns a residual mapping, where the input feature
map is added to the output of the convolutional layers.
This design helps alleviate gradient vanishing and improves
training stability. Each residual block typically consists of
convolutional layers followed by batch normalization (BN)
and nonlinear activation, with a shortcut connection that
bypasses these layers. The ResNet network used in this work
differs from the VGG network primarily in the construction
of the network blocks, as illustrated in Figure 4. Since the
ResNet blocks here do not include max-pooling operations,
down-sampling is applied between blocks. Before entering
the fully connected layers, average pooling is performed to
reduce the spatial dimensions. Moreover, we also investigate
an MLP model for phase retrieval. This model has a much
simpler structure. After flattening the speckle image into a
one-dimensional vector, only two fully connected layers are
used to compress it to the size of the target phase vector. The
hidden-layer size in the MLP is 6.

3. Results and discussion

3.1. 25-channel filled-aperture CBC utilizing the VGG net-
work

For the 25-channel CBC task, 35,000 data pairs are gener-
ated using the method described above. Each fiber laser is
collimated with a lens of 75 mm focal length. For systems
with fewer channels, fewer sampling points and shorter focal
lengths are sufficient. This is because, with a larger number
of beams, the nonuniform characteristics among sources
become more complex and require higher spatial resolution
to distinguish. Increasing the focal length and sampling
density helps improve the accuracy of phase reconstruction
by the network.

To quantitatively characterize the differences in source
field distribution, the following definition is introduced:

IR TRy~ () dxdy
Ali= S Eon (e y)dady ©

Here, i denotes the index of the light source and I; rep-
resents the normalized optical field of the ith source. This
quantity is used to evaluate the nonuniformity of the laser


https://doi.org/10.1017/hpl.2026.10127

Net
Block 1

Input Layer
’ RN
1 VG I I |
1 y 1
! 1
[ 1
! 1
! 1
! 1
! 1
! 1
1 MaxPooling
I Convolution ReLU Convolution RelLU 1
|\ Layer 1 Layer 2 1

Block N

>

Y. Yang et al.

-bll-»ll-» [l

FC Layer1 FC Layer 2 tanh
RelLU ReLU

N

Output Layer

Convolution
+BN+RelLU

Convolution
+BN+RelLU

RelU

e e e S e e e g
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Figure 5. Distribution of A/ for the light sources in the 25-channel
simulations.

sources employed in the simulations. The values of AI of
fiber lasers with identical configurations are measured and
are generally no greater than 0.08. The distribution of A/
for the light sources in the 25-channel simulations is shown
in Figure 5. The values of A/ fall within the range observed
in the experimental measurements.

The network is trained in a supervised manner using the
mean squared error (MSE) as the loss function. The VGG
network is trained using a batch size of 128, with stochastic
gradient descent with momentum as the optimizer. Model
optimization is performed using the Adam optimizer with
the learning rate of 0.003. The momentum factor is set to be
0.5, and the number of training epochs to be 100. Among
the 35,000 data pairs, 30,000 are used for training, 3500
for validation and 1500 for testing. The loss curve is shown
in Figure 6(a). Within the first 25 epochs, the loss drops
rapidly below 0.10, and further decreases to 0.038 by the
end of training. This indicates that the mapping between the
speckle pattern and the multi-source phase distribution is
successfully learned. Figure 6(b) shows the phase residuals
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of 100 prediction samples, with a mean value of A/39. These
results demonstrate that the proposed method achieves high
accuracy and enables single-step phase locking.

To illustrate the accuracy of our method, four test samples
are selected. The predicted phases are obtained and com-
pared with the original phase, as shown in Figure 7. It is
worth noting that the neural network performs single-step
prediction. In the selected samples, the predicted phases of
the 24 channels (excluding the reference channel) show high
consistency with the original values.

The difference in the combined beam intensity distribution
before and after phase locking is shown in Figure 8. Before
phase locking, due to the randomness of the phases, the beam
profiles exhibit significant variations. After phase locking,
the normalized intensity distribution of the beam is shown
in Figures 8(al)—(a4). There is no noticeable difference in
the beam intensity distribution. Figures 8(b1)—(b4) present
the difference between the ideal normalized combined beam
intensity, which corresponds to zero phase difference across
all sources, and the intensity distribution obtained using our
phase locking method. The maximum deviation remains of
the order of 1072, This indicates that the phase recovered by
the neural network exhibits not only high accuracy but also
strong stability.

For CBC with a larger number of channels, our
method remains applicable. A simulation is conducted for
49-channel filled-aperture CBC. As previously analyzed,
source nonuniformity is essential for enabling phase locking
via neural networks. With more channels, the distinctive
features of individual sources become more susceptible to
being overwhelmed by noise. This imposes higher demands
on the network’s ability to extract such features. Therefore,
the number of training samples needs to be increased, and
network parameters have been further optimized. 80,000
data pairs are used, namely 70,000 for training, 5000
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Figure 7. The predicted phases and original phase for four test samples after single-step prediction.

for validation and 5000 for testing. The learning rate is
decreased to 0.001 and the number of epochs is increased to
500. The phase residual reaches A/24, which is acceptable
for practical use, and the phase locking is still achieved in a
single step.

3.2. Transferring to other networks

Our proposed method also exhibits strong adaptability to
different neural network architectures, allowing targeted net-
work design based on the quality of the training data. To
illustrate this, we perform nine-channel filled-aperture CBC,
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which enables faster training. A relatively small dataset of
10,000 pattern—phase pairs is sufficient to achieve phase
recovery. Among them, 8000 pairs are used as the training
set, 1000 as the validation set and 1000 as the test set.
We evaluate the recovery performance using three types of
neural networks: the VGG, ResNet and MLP. The VGG
network uses the same structure and parameters as in the
25-channel CBC case. The ResNet network, widely rec-
ognized for its effectiveness in image recognition tasks in
computer vision, has been introduced in detail above. For the
specific case of nine-channel CBC, we adopt four residual
blocks, each consisting of two convolutional layers with
3x3 kernels. Compared to these convolutional networks, the
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Figure 9. (a) Evolution of the loss functions during training. (b) Phase error after prediction for the VGG, ResNet and MLP networks.

MLP network is significantly simpler. The three networks It maintains a high loss throughout training, with a final
have parameter scales of 248.38, 20.23 and 68.09 MB, mean phase error of A/10 and significant fluctuations, making
respectively. it unsuitable for practical coherent beam combining applica-
Figure 9 shows the evolution of the loss functions dur- tions. It should be noted that the goal of this comparison is
ing training and the phase error after prediction for these not to benchmark different neural network architectures, but
three networks. Using the adopted VGG-based network, the  rather to validate the effectiveness of learning-based phase
training loss decreases below 0.10 within the first 25 epochs estimation under nonuniformity conditions.
and further converges to 0.008 in subsequent epochs, corre- The results show that different convolutional neural net-
sponding to a mean phase estimation error of approximately work architectures can be applied to the proposed phase
A/68. For reference, the ResNet network yields a final mean estimation framework. The VGG-based network exhibits sta-
phase estimation error of approximately A/38. Due to the ble convergence behavior, while the ResNet-based network
simple structure and limited ability to extract deep features shows different learning characteristics, potentially due to
from the input images, the MLP network performs poorly. the use of residual connections, which may influence feature

https://doi.org/10.1017/hpl.2026.10127 Published online by Cambridge University Press


https://doi.org/10.1017/hpl.2026.10127

Neural network enabled common-path phase locking

@) ' —0—0—0—0

, (b)

100 F 779 100 P
,/’: ) ,J
L eof / g 1
>, / >,
O f/ O
c / c
e 16 K
L 60 7t © N
= f =
L L
g : g
N/ £ 1
o) s o
g oL/ §
o 200 1 8 |
p /' /
0\]4' 1 1 1 1
0 200 400 600 800 1000 0 1 2
Steps of iteration Steps of iteration
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Figure 11. (a) Combining efficiency after introducing dynamic noise (the inset shows the results over a shorter time span). (b) Noise intensity distribution

before and after phase locking.

representation in regression tasks**!. These observations
indicate that the proposed method is not restricted to a
specific network design and can be extended to alternative
architectures with appropriate training and optimization.

3.3. Comparison with SPGD and dynamic phase-locking
simulation

Compared with traditional common-path phase-locking
methods, the neural network method enables one-step,
rapid prediction and compensation of phase. We selected
10 different multi-source phase distributions and performed
phase reconstruction using both the widely adopted SPGD
algorithm and our proposed method. The average combining
efficiency across each step can serve as an indicator of
the convergence capability of two methods. The SPGD
algorithm employed here uses combined efficiency as the
loss function, defined in Ref. [5]. As shown in Figure 10(a),
the SPGD method requires approximately 400 epochs to
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converge, whereas our approach achieves convergence in a
single step (Figure 10(b)). The comparison demonstrates a
significant advantage in convergence speed.

The above analysis is based on static phase reconstruction.
However, in practical CBC, the phase is not constant but
rather fluctuates dynamically, leading to time-varying com-
bining efficiency. To evaluate the robustness of our approach
under dynamic noise, simulation of dynamic phase locking
using the VGG neural network is conducted. The simulation
involves nine channels, and the size of the training dataset
is the same as in the previous section. The phase-locking
procedure involves two main steps: collecting the far-field
beam spot and reconstructing the corresponding phase. The
time required for one complete locking step is defined as
the locking duration and determines the locking repetition
rate. It is important to note that beam sampling occurs at the
beginning of a locking step, while the reconstructed phase
is applied to each channel at the end. This introduces a
delay, meaning the reconstructed phase, which is based on
the earlier sampled pattern, may differ from the actual noise
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phase when applied. This may lead to reduced accuracy
under dynamic conditions compared to static ones.

Dynamic phase noise is modeled using bandwidth-limited
white noise*, reflecting the dominance of low-frequency
noise in practical systems. The phase noise amplitude is
set to A/2014°1, and the locking repetition rate is 1 kHz.
Figure 11(a) shows the combined efficiency before and after
locking. Without phase locking, the efficiency fluctuates at
a low level due to both static and dynamic phase errors.
Once phase locking is initiated, the low-frequency phase
noise below the locking rate is largely compensated, leading
to a significant improvement in efficiency, with an average
around 97% and notably reduced fluctuations. The residual
fluctuations are caused by high-frequency noise, which is
more difficult to compensate. Figure 11(b) displays the noise
power spectral density before and after locking. It clearly
shows that phase noise below 1 kHz is effectively sup-
pressed, indicating a 1 kHz locking bandwidth. In practice,
higher bandwidths can be achieved by adopting faster phase
control devices.

4. Conclusion

To the best of our knowledge, this work proposes the first
common-path phase-locking approach for filled-aperture
CBC. By leveraging the unavoidable nonuniformity among
laser sources, the phase ambiguity problem in filled-aperture
CBC is effectively addressed. The phase information of
laser sources is coupled into the intensity distribution of
the combined speckle pattern. A VGG neural network is
employed to successfully recover the multi-source phase
information from the speckle, and simulations are conducted
for 9-, 25- and 49-channel CBC to validate our method.
Furthermore, in the 9-channel case, phase reconstruction
is also performed using ResNet and MLP networks,
demonstrating the adaptability of our method to different
neural architectures. The phase reconstruction accuracy can
be further improved through network optimization. Finally,
under dynamic phase noise conditions, the method is still
able to recover the phase and effectively suppress low-
frequency noise, indicating its robustness and practical
applicability. Our work provides a common-path phase-
locking solution for filled-aperture CBC, which is simple,
highly accurate and scalable in bandwidth.
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