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Abstract: Coherent beam combination (CBC) offers significant power scaling beyond the
capabilities of individual fiber lasers, but its effectiveness is heavily reliant on precise phase
stabilization. Recent advancements in deep learning have shown potential for phase retrieval
from interference intensity patterns in a single step. However, the interpretability of deep learning
models and the optimal positioning of the imaging system remain unresolved challenges. In
this study, we employ a spatial light modulator to emulate a CBC system and systematically
investigate the phase prediction accuracy at various axial positions of the imaging system. We
demonstrate that phase-retrieval efficiency can be substantially enhanced by identifying regions
of the interference pattern with higher phase sensitivity. This approach enables a significant
reduction in input size, allowing for the use of a lightweight fully connected neural network
to achieve a phase prediction error of approximately λ/60, with a pure fully connected neural
network inference rate of approximately 35 kHz for a 7-beamlet hexagonal close-packed array.
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1. Introduction

CBC is a promising technique for scaling the power level of fiber lasers beyond the inherent
limitations that constrain the single-source performance [1–3]. By combining the outputs
of multiple diffraction-limited fiber lasers such that their fields interfere constructively, CBC
concentrates the combined optical power predominantly into a single spot in the far field [4,5].
This facilitates power scaling while maintaining high beam quality. However, the combined
intensity distribution is highly sensitive to the relative phases of the constituent fiber lasers.
Therefore, phase stabilization is essential to maintain constructive interference and ensure
consistent performance over time [6,7]. Traditionally, phase control methods commonly rely
on iterative feedback mechanisms which, while effective for power optimization, can limit
the flexibility of the system [8–10]. This poses a challenge for applications such as adaptive
manufacturing, where the additional capability of CBC of phase-only beam shaping could be
exploited to dynamically tailor beam profiles to suit different processing requirements [11–14].

Recent advancements in deep learning have demonstrated significant potential for retrieving
phase information directly from interference patterns in a single step [15–17]. In these approaches,
Neural Networks (NNs) are trained to process camera observations of intensity distributions
and predict the corresponding phase values. This circumvents the limitations of iterative phase
retrieval methods and offers a simplified route to dynamic phase control in CBC systems.
However, key challenges remain regarding the interpretability of these deep learning models and
the optimal positioning of the imaging plane within the optical setup. It has been observed that
the accuracy of the phase inference improves when the imaging system (i.e., the camera) is placed
at out-of-focus positions, as these planes are not subject to the Fourier symmetry inherent to the
focal plane, thereby enabling a more direct, one-to-one mapping between combined intensity
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distribution and the corresponding phase values [18,19]. This raises an important question: are
all out-of-focus planes equally suitable for phase inference, or is there an optimal plane where
phase-relevant features are most distinguishable?

A different concern arises regarding the operational speed of the deep-learning-enabled
phase information retrieval. While deep learning phase inference has demonstrated promising
performance for phase inference in CBC systems and can achieve operational bandwidth of around
1 kHz [20], further increases in operational speed are desirable, particularly for applications
involving dynamic beam shaping or steering. Recently, a simulation-trained lightweight CNN
operating at an inference rate of approximately 14 kHz was demonstrated [21]. In this approach,
however, the deep learning models was trained on full camera observations that encompass
the entire interference pattern. However, do all areas of this pattern contribute equally to the
phase inference task? Intuitively, peripheral areas or those with minimal spatial variation, under
the effects of phase fluctuations, are likely to carry less phase-relevant information than areas,
exhibiting strongly varying interference fringes. Identifying these information-rich areas could
reduce input dimensionality without sacrificing phase prediction accuracy. This would not only
accelerate inference but also enhance deep learning model interpretability by revealing which
features the NN relies on most. These considerations give rise to an important question: is it
necessary to provide NN with entire intensity distribution, or can an accurate phase inference be
achieved using only selected areas of this intensity distribution?

In this study, we emulate a CBC system using an SLM to generate interference patterns
corresponding to three array configurations: a two-beamlet configuration, a hexagonally close-
packed array of seven beamlets, and a square array of nine beamlets. Using this setup, we first
investigate how capturing intensity distributions at different positions along the optical axis
affects phase prediction performance using a Convolutional Neural Network (CNN). Secondly,
we examine how phase prediction changes when only specific, strategically selected areas of the
interference pattern are used as inputs to the CNN for phase inference. Finally, we demonstrate
that, by leveraging these identified informative areas and reducing the input size, the relatively
computationally intensive CNN can be replaced with a lightweight and fast-running Fully
Connected Neural Network (FCNN). We show that, at certain imaging positions and using
carefully selected areas of the interference pattern, the FCNN, trained on observing the identified
informative areas, can match the accuracy of a CNN trained on the full intensity distribution
(with a phase prediction error of approximately λ/60 for 7-fibre hexagonal close-packed array),
while significantly improving the pure FCNN inference speed (i.e., excluding data acquisition
and transfer), reaching approximately 35 kHz.

2. Experimental setup

In this work, a Spatial Light Modulator (SLM, Thorlabs EXULUS-HD1/M, 1920× 1080 pixel
resolution, 6.5 µm pitch size) was used to emulate a CBC system with varying number of beamlets
and to enable precise control over their relative phases. The SLM was programmed to generate
three distinct patterns: a pair of circles, a hexagonally close-packed array of seven circles, and
a square array of nine circles, each corresponding to a possible output configuration of fiber
lasers in a CBC system. The two-beamlet array was included as it provides an intuitive and
easy-to-follow example for evaluating phase inference performance. The seven-beamlet array was
chosen because it represents the widely adopted hexagonal close-packed configuration, valued
for its high fill factor. Lastly, the nine-beamlet array served as an example of an alternative
arrangement, illustrating that the methods presented in this study are not limited to any particular
fiber array geometry.

A vertically polarized light from a HeNe laser (Thorlabs, HRS015B, 632.992 nm central
wavelength, 1.2 mW output power), selected for its high temporal coherence, narrow linewidth,
and polarization stability, was expanded and directed onto the SLM panel at the normal angle of
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incidence. To introduce controllable phase delays between simulated beamlets, a horizontally
oriented blazed grating was applied within each circular region. The relative lateral displacement
of these gratings imparted a programmable phase shift between simulated fibers [17]. Due to the
diffractive nature of the phase modulation, each circular region produced multiple higher-order
diffraction outputs. The zeroth-order reflection, which corresponds to specular reflection from
the unmodulated background, did not carry useful interference information. In contrast, the
first diffraction order contained the spatially separated and phase-modulated beamlets required
for CBC emulation. To isolate this diffraction order, a 4f optical system was employed, with
a spatial filter placed at the Fourier plane to block the intense but uninformative zeroth-order
component (and other higher-order components except for the first-order component). This
enabled clean selection of the first-order beamlets and enhanced the contrast of the resulting
interference patterns, facilitating analysis of interference effects arising from the phase-controlled
beamlet array.

To capture how the interference pattern evolves with propagation, the selected first-order
diffraction outputs were then directed through a focusing system onto a movable camera.
Specifically, after modulation on the SLM and spatial filtering of the first diffraction order, the
resulting beam was directed onto a camera (Basler a2A4504-18umBAS) mounted on a motorized
translation stage (ZABER X-LSQ450B-E01), as illustrated in Fig. 1(a). A convex lens with a
50 cm focal length was used to focus the beam, and the motorized stage, with a travel range of
45 cm, enabled the camera to capture intensity distributions at various positions along the optical
(z) axis.

Fig. 1. (a) Schematic of the experimental setup (b) Representative camera observations of
intensity distributions for 2-, 7-, and 9-beamlet CBC array at various positions along optical
axis. Here, z6 corresponds to a plane closer to the SLM (i.e., simulated CBC head), z2 is
the focal plane, and z1 lies beyond the focus (green and yellow colors in the CBC arrays
correspond to 0 and π phase).

Figure 1(b) presents examples of camera observations of the intensity distributions produced
by 2-, 7-, and 9-beamlet CBC arrays, recorded at six equally spaced positions along the optical



Research Article Vol. 34, No. 9 / 4 May 2026 / Optics Express 17151

axis (z1-z6), where z6 is closest to the focusing lens F3, z2 corresponds to the focal plane, and z1
is a plane located beyond focus. Only one observation point beyond the focal plane was included,
as the primary focus of this study is on the near-field to far-field region typically employed in CBC
phase control systems. At z6, the individual beamlets are clearly distinguishable with interference
predominantly occurring in the areas between them. As the beamlets propagate towards the
focus, they increasingly overlap, resulting in more complex intensity patterns. Intuitively, the
optical axis can be divided into two distinct regions. In the first region, closer to the focusing lens
(i.e., F3), interference occurs predominantly between adjacent beamlets. The resulting intensity
distribution can be interpreted as a superposition of multiple two-adjacent-beamlet interference
patterns. In the second region, as the beamlets propagate toward the focal plane, their spatial
overlap increases, and more than two beamlets simultaneously contribute significantly to the
interference pattern. This raises a key question: does the complexity of the interference pattern,
whether dominated by a simple two-adjacent-beamlet contributions or multi-beamlet interactions,
influence the accuracy of phase inference?

3. Data collection and neural network training

To evaluate how phase inference accuracy depends on the position of the imaging plane along
the optical axis, the training data were collected using the following procedure. For each of the
three CBC configurations, one beamlet was designated as the reference and its phase was fixed at
0π rad. The phases of the remaining beamlets were independently randomized, drawn from a
uniform distribution over the interval [−π, π). This resulted in 1, 6, and 8 varying phase values
for the 2-, 7- and 9-beamlet arrays, respectively. After applying these phase values to the SLM,
the resulting interference pattern was recorded at a specific imaging plane along the optical axis.

Each captured camera observation was cropped to include the entire inference pattern and
subsequently resized to a 256× 256 8-bit grayscale image. Although the resize factor varied
depending on the axial position of the camera (since the interference pattern is more spatially
compact near the focal plane), the goal was to maintain a consistent image resolution and ensure
that the interference pattern occupied a comparable area across all cropped camera observations.
Each recorded intensity distribution, along with its corresponding set of relative phase values,
constituted one training pair.

In total, 5,000, 20,000, and 25,000 training pairs were collected for 2-, 7-, and 9-beamlet
configurations, respectively, at each imaging position. While the dataset sizes differ across
CBC configurations, this does not impact the analysis, as the primary objective is to compare
phase inference accuracy between imaging planes within a given CBC configuration, rather than
across different CBC fiber arrays. Thus, absolute error values may vary by configuration, but
performance trends as a function of imaging position remain directly comparable.

To investigate not only how phase inference accuracy depends on the position of the imaging
plane, but also which areas of the interference pattern are most informative for phase inference,
the following method was applied. Specifically, the objective is to evaluate whether accurate
phase inference is achievable using only specific areas of the interference pattern.

To isolate these areas, binary masks based on the spatial distribution of intensity variation
were first constructed. For a given axial position and CBC configuration, the pixel-wise standard
deviation was computed using all collected camera observations. This standard deviation map
reflects how much the intensity of each pixel fluctuates as a function of random phase changes,
as visualized in Fig. 2(a).

The rationale behind this approach is as follows: assuming the only source of intensity variation
is the changing phase values, pixels with higher standard deviations are more responsive to these
phase changes and therefore are likely to contain more phase-relevant information. For example,
at position z6, as shown in Fig. 2(b), the standard deviation maps for 2-, 7-, and 9-beamlet CBC
arrays show higher variation in areas between the neighboring beamlets. This is expected, as at
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Fig. 2. (a) Schematic illustration of the construction of a pixel-wise standard deviation map,
using the 7-beamlet CBC array at position z6 as an example (b) Standard deviation maps for
2-, 7-, and 9-beamlet CBC arrays at positions z6, along with corresponding binary masks
retaining 10% and 1% of the total number of pixels.

this propagation distance the beamlets are just beginning to overlap, making the inter-beamlet
areas the primary zones of interference.

Once the standard deviation map was computed, binary masks were generated by applying
a threshold to retain only the pixels considered most informative. Specifically, pixels with a
standard deviation value above the threshold were retained (i.e., assigned value of 1), while those
below the threshold were excluded (i.e., assigned value of 0). Figure 2(b) shows examples of
such binary masks, where the thresholds were chosen to retain approximately 10% (i.e., ∼6,500
pixels) and 1% (i.e., ∼650 pixels) of the total number of pixels of camera observation.

These binary masks were then applied to the respective datasets. For instance, the 9-beamlet
mask at position z6 was applied via pixel-wise multiplication to each camera observation in the
9-beamlet dataset acquired at the same position z6. This operation produced a new dataset in
which each camera observation retained only the selected by mask high-variation pixels (i.e.,
pixel values remained as they were), while the value of the remaining pixels was set to zero. This
process was repeated for each CBC configuration at every axial position. As a result, for each
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z-position and CBC configuration, three datasets were obtained: one containing the full camera
observations, one retaining only the top 10% of pixels based on standard deviation, and one
retaining only the top 1% of pixels.

Thus far, the training datasets consist of either full or masked camera observations (i.e.,
256× 256 8-bit images) and their corresponding phase values (represented as vectors). The NN
used for phase inference is a CNN known as MobileNetV3-small [22], selected for its optimized
balance between accuracy and computational efficiency. Several modifications were made to
the original MobileNetV3-small architecture. First, the input image size was adjusted from the
original 224× 224 to 256× 256 to match the dimensions of the input data. Second, the output
layer was modified from the original shape N× 1000 to N× 1, N× 6, or N× 8, corresponding
to the number of phases to be inferred in the 2-, 7-, and 9-beamlet CBC systems, respectively.
Finally, due to the periodic nature of phase values, the loss function was adapted accordingly.
The modified loss function takes the form [23]:

Loss = (sin(ϕ) − sin(φ))2 + (cos(ϕ) − cos(φ))2

where ϕ is the predicted phase and φ is the ground-truth phase. This formulation ensures that
the loss correctly accounts for the phase wrapping at 2π. Each of the datasets described above
was a split into training and validation sets using a 90/10 ratio. A separate CNN, with randomly
initialized parameters, was trained on each training set without any pre-training. All models
were trained for 200 epochs using the Adam optimizer [24] with a learning rate of 6× 10−5 and
a batch size of 32. For clarity in subsequent discussion, CNN models trained on full camera
observations are denoted as CNN100, those trained on inputs retaining 10% of pixels as CNN10,
and those retaining only 1% as CNN1.

4. Neural network evaluation

Despite being trained on datasets acquired at different axial positions and with different fractions
of the image retained, all models converged at approximately the same stage of training, reaching
a stable plateau after a similar number of epochs, For consistency, after the final epoch, the
trained model weights were saved, and each CNN was evaluated on the respective validation set,
which contained previously unseen data. The performance was quantified using the mean phase
prediction error, defined here as the mean absolute error between the predicted relative phases
and the ground truth values, averaged across all the beamlet channels. Figure 3(a), Fig. 3(b),
and Fig. 3(c) present the validation results of the CNN validation for 2-, 7-, and 9-beamlet CBC
arrays, respectively. Above each graph, standard deviation maps are shown for all six axial
positions considered. These maps were used to generate binary masks: the top inset displays the
masks retaining 10% of the total number of pixels, while bottom inset shows masks retaining
only 1%. Each graph contains three curves corresponding to the phase prediction error of the
CNN trained on full camera observation (i.e., CNN100, shown in blue), as well as those trained on
masked observations retaining 10% (i.e., CNN10, shown in orange) and 1% (i.e., CNN1, shown
in green) of the pixels.

For 2-beamlet CBC array, as shown in Fig. 3(a), CNN100 exhibited a nearly flat phase prediction
error across all axial positions, with mean phase error values ranging from approximately 0.03
to 0.06 rad for positions z1 to z6. The performance of CNN10 and CNN1 was comparable,
maintaining prediction errors below 0.08 rad. Notably, no increase in error was observed at the
focus (i.e., at z2), which can be explained by the inherently unambiguous mapping between the
interference pattern and the phase difference in the two-beamlet case (i.e., when the phase spans
the full [-π, π] range). Overall, this simple two-beamlet case demonstrates that phase prediction
accuracy shows no strong dependence on the axial position of the imaging system, and that
accurate phase inference can be achieved even when a substantial portion of the input data is
masked.
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Fig. 3. Phase prediction error as a function of imaging system position when the CNN was
trained on full (blue), 10%-masked (orange), and 1%-masked (green) camera observations
for (a) 2-, (b) 7-, and (c) 9-beamlet CBC arrays. The top portion of each plot shows the
corresponding standard deviation map, while the insets illustrate the binary masks used: the
upper displays 10% mask and the lower inset the 1% mask.



Research Article Vol. 34, No. 9 / 4 May 2026 / Optics Express 17155

For 7-beamlet CBC array, as shown in Fig. 3(b), the CNN100 maintained consistent phase
prediction performance across most axial positions, with phase prediction errors around 0.1 rad
at z1, z3, z4, z5, and z6. However, a pronounced peak in phase prediction error emerged at the
focal position z2, where the prediction error rose sharply to 0.48 rad. This behavior is a result
of the Fourier symmetry inherent in the interference pattern at the focal plane, which leads to
ambiguity in phase-to-pattern mapping. The focal-plane error spike was a consistent feature
across both CNN10 and CNN1, reflecting the intrinsic phase ambiguity at this position. For
non-focal positions, CNN10 and CNN1 generally performed comparably to CNN100. Notably,
position z5 exhibited the smallest difference across the three models, with prediction errors
of 0.094 rad (CNN100), 0.101 rad (CNN10), and 0.099 rad (CNN1), suggesting that this plane
provides a robust signal for phase inference even with substantially reduced input information.

For 9-beamlet CBC array, shown in Fig. 3(c), the CNN100 demonstrated stable phase prediction
across most imaging planes, with errors generally below 0.14 rad. However, a substantial spike
was observed at the focal plane z2, where the prediction error increased to 0.75 rad. This behavior
is consistent with previous observations and is attributed to the Fourier symmetry at focus, which
introduces ambiguity in mapping intensity to phase. CNN10 performed comparably to CNN100

across most positions. CNN1, while still following the overall trend, showed slightly higher
prediction errors than CNN10 at nearly all positions. This suggests that while significant input
masking (i.e., down to 1% of pixels) still preserves much of the relevant phase information, some
degradation in accuracy becomes noticeable in more complex interference configurations such as
the 9-beamlet array.

Overall, these results show that for the CBC arrays with symmetrical fiber structure the phase
prediction error does not depend strongly on the position of the imaging system as long as it is
outside the focal plane. The results also demonstrate that CNN1 and CNN10 can produce nearly
equivalent to CNN100 inference quality outside the focal plane, and that even with as little as 1%
of the input preserved, meaningful phase retrieval remains achievable, albeit with a modest drop in
accuracy. Notably, in several cases the masked-input models exhibit marginally lower prediction
error than CNN100 most prominently at positions closer to the focusing lens; this behavior is
likely attributed to the elimination of redundant or weakly informative pixels, which effectively
improves the signal-to-noise ratio of the input representation and can enhance generalisation
performance. In principle, prediction accuracy could be further improved through dataset-specific
hyperparameter tuning. However, since the primary objective of this study is to evaluate relative
trends in phase prediction performance across imaging positions and masking levels, maintaining
consistent settings ensures a fair basis for such comparisons. To provide additional insight into
the spatial regions of the diffraction pattern that inform the CNN’s predictions, an interpretability
analysis based on four attribution methods is provided in Supplement 1.

5. Simulated detectors

While the results presented thus far demonstrate that accurate phase inference can be achieved
using only specific areas of the interference pattern, a practical challenge remains. Although fewer
non-zero (i.e., informative) pixels are retained, the input dimensionality in the CNN architecture
remains fixed at 256× 256. Consequently, the reduction of non-zero pixels does not translate into
any improvement in inference speed. This raises an important question: how can the reduced
pixel count be leveraged to improve computational efficiency?

To move beyond the fixed-size inputs (i.e., 256× 256 image) and take advantage of the reduced
pixel count, the concept of a “simulated detector” was introduced. A “simulated detector”
(hereafter referred to as a detector) is defined as a square region of N ×N pixels within the camera
observation, where the pixel intensities are summed to yield a single value (i.e., detector reading).
While this does not replicate the physical characteristics of a true photodetector, it mimics its
core function: spatial integration over a finite area. The motivation behind this abstraction is to

https://doi.org/10.6084/m9.figshare.32084952
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simulate the effect of spatially aggregated measurements, allowing us to investigate whether a
sparse set of such detectors, strategically placed in informative areas of the interference pattern,
can yield sufficient information for accurate phase inference. The overall effectiveness of this
approach is therefore shaped not only by how detectors are defined, but also, critically, by their
spatial arrangement, the number of detectors deployed, and their size.

To establish a systematic approach, we begin by examining the interference patterns at position
z6. At this axial position, the beamlets begin to interfere, and the standard deviation map indicates
that the most sensitive pixels to phase changes lie in the area between the neighboring beamlets.
At z6, where interference primarily occurs between two neighboring beamlets, variations in
relative phase lead to a shift of the interference fringes along the line connecting the centers of
the beamlets. This suggests that, for effective phase inference, monitoring intensity variations
along this axis is most appropriate. Although there is no strictly defined “center” of a beamlet as
it propagates along the optical axis, the standard deviation map effectively captures the spatial
structure of the initial CBC array, as shown in Fig. 3. This allows us to identify points that are
functionally equivalent to the centers of the beamlets, and, in turn, to define the axes connecting
them. Having identified these axes, the next step is to determine the optimal placement of
detectors along them to extract the most phase-informative signal.

Figure 4(a) presents an example of a camera observation of the intensity distribution of a
7-beamlet array at axial position z6, with a black square indicating the region shown in more
detail in Fig. 4(b). The black line in Fig. 4(b) lies along the axis connecting the centers of
the central and leftmost beamlets, with three black squares marking the positions of simulated
detectors placed along this line. Figure 4(c) shows the corresponding intensity profile along the
line from Fig. 4(b), with dashed lines indicating the boundaries of the simulated detectors. At
this axial position and the particular phase relation between the corresponding beamlets, the
intensity distribution exhibits a single trough, indicating a local decrease in intensity between
two beamlets. To monitor such variations in intensity and thereby infer the phase of one beamlet
relative to another, a group of three detectors was manually positioned. The central detector (i.e.,
2) was positioned near the trough of the intensity profile, while adjacent (i.e., 1 and 3) are placed
symmetrically on either side. The size and spacing of the detectors were selected such that they
capture the regions of steepest intensity gradient, allowing such arrangement of detectors to
effectively track fringe displacement. For axial position z6, the detectors were defined as 3× 3
pixel regions, with approximate 4-pixel separation between their centers (depending slightly on
their orientation). This arrangement offers a practical compromise, capturing sufficient spatial
detail for effective phase tracking while preserving computational efficiency.

The optimal placement of each group of detectors can be conveniently visualized using
previously defined 10% binary mask. Figure 5a1 (position z6) shows this binary mask for
7-beamlet CBC array, with red squares indicating six regions where each detector group was
positioned. Figure 5a2 (“Detectors”) schematically illustrates the internal arrangement of
detectors within a red square, with their alignment following the lines connecting the centers of
the interfering beamlets. This visualization highlights that detectors are placed primarily within
the high-variance regions defined by mask, ensuring that each group lies within areas exhibiting
strong spatial changes in intensity. As a result of this detector approach, each camera observation
for the 7-beamlet CBC array at z6 can be represented by 18 readings, each corresponding to the
sum of pixel intensities within a 3× 3 pixel region.

The detector placement strategy developed for position z6 in the 7-beamlet CBC array was
subsequently extended to other axial positions (i.e., z2 through z5) as well as to the 9-beamlet
CBC array. At positions z4 and z5, the intensity profiles observed along the lines connecting the
centers of beamlets predominantly exhibited single peak/trough structures similar to those at z6.
Conveniently, at z4 and z5, the structure of the binary masks closely resembles that observed at
z6, exhibiting a comparable grid-like pattern, as illustrated in Fig. 5a1 and Fig. 5b1. Therefore,



Research Article Vol. 34, No. 9 / 4 May 2026 / Optics Express 17157

Fig. 4. Schematic of a detector placement choice (a) Example of camera observation of
intensity distribution at axial position z5, with a black square indicating the zoomed-in
region shown in (b). The black line denotes the slice along which intensity is extracted,
and the black squares represent the locations of simulated detectors. (b) Magnified view
of the selected regions from (a), highlighting the slice and detector positions. (c) Intensity
profile along the slice indicated in (b), showing spatial variation of intensity with dashed
line illustrating the boundaries of each of three detectors.

detector group placement at these positions followed the same procedure as that established for
z6, with each group positioned within a distinct high-variance region of the binary mask. For
z5, both detector size and spacing remained identical to z6 (i.e., 3× 3 with ∼4-pixel separation),
while at z4 the detector size was increased to 6× 6 pixels with a center-to-center spacing of
approximately 9 pixels to match the spatial scale of the pattern.

In contrast, at positions z2 and z3, the interference patterns no longer exhibit well-defined single
peak/trough structures along the axis connecting centers. The standard deviation maps become
more uniform, and the binary masks begin to lose their clear grid-like structure, appearing more
uniform overall. Despite this, to maintain a consistent detector configuration and to preserve
the one-detector-group-per-beamlet approach, detector regions were defined based on the binary
masks. Detector groups were preferentially placed toward outer areas of the binary mask region,
thereby avoiding excessive overlap in the central region and ensuring spatial diversity. While this
approach may not represent the optimal detector placement for z2 and z3, it ensures structural
consistency across all axial positions, facilitating deep learning models to learn from similarly
structured inputs regardless of axial distance from the focus.

As a result, a total of 6 and 8 regions were defined at each z-position for 7- and 9-beamlet
arrays, respectively (i.e., one per beamlet, excluding the reference beamlet). For the 9-beamlet
array, 12 interference regions can in principle be identified between adjacent beamlets in the
defocused diffraction pattern. However, only a minimal set of regions sufficient to uniquely
recover the relative phases was used in this work. In an N-channel CBC system, the phase state
can be fully described by N-1 independent phase differences with respect to a reference beamlet.
Therefore selecting 8 regions for the 9-beamlet array provides a complete but non-redundant set
of measurements for phase reconstruction. While additional detector regions could potentially
improve the prediction accuracy, preliminary tests indicated that increasing the number of regions
did not significantly improve the phase prediction accuracy or training convergence, while
increasing the dimensionality of the input vector. With three detectors per region, each camera
observation was thus represented by 18 and 24 values for the 7- and 9-beamlet configurations,
respectively. This enabled the construction of new datasets in which each 256× 256 camera
observation was replaced with a compact vector representation. From a practical standpoint,
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Fig. 5. Mean prediction error as a function of axial position for CNN100 (blue) and two
FCNN models: one trained on detector dataset aligned along imaginary line connecting
centers of the simulated beamlets (red), and another one trained on a dataset from detectors
with rotated placement (orange). The top of each plot shows the 10% binary mask used
to guide detector placement, with selected areas for detector positions highlighted as red
squares. Results are shown for (a) 7-beamlet, and (b) 9-beamlet CBC array. (c) Schematic
representation of the detector orientations; the two-beamlet insets illustrate the geometric
relationship between the beamlets and the detectors for both the “Detectors” (aligned) and
“Detectors Rotated” (orthogonal) configurations used in (a2) and (b2).
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this enables replacing a CNN, which takes images as input, with a FCNN trained on 18- or
24-dimensional inputs and corresponding 6- or 8-dimensional phase outputs, respectively.

To assess the significance of the detector orientation, an alternative relative placement was
evaluated, referred to as “Detectors Rotated” in Fig. 5a2 and Fig. 5b2. In this placement, three
detectors were positioned orthogonal to the line connecting the centers of the beamlets, as
demonstrated in Fig. 5c (“Detectors Rotated”). This contrasts with the original layout, where
detectors were aligned along the line connecting beamlet centers, as shown in Fig. 5c (“Detectors”).
To clarify the schematic representations used in Fig. 5a2 and Fig. 5b2, the insets in Fig. 5c provide
simplified two-beamlet examples. These insets show the relative position between the group of
detectors and the beamlets for both the “Detectors” and “Detectors Rotated” cases. Using this
new relative position, additional datasets were constructed for positions z2 through z6 for both
the 7- and 9-beamlet CBC arrays.

For the 7-beamlet array, the FCNN was implemented with an 18-32-64-128-256-6 architecture,
utilizing an 18-dimensional input vector to represent individual detector readings and a 6-node
output layer for the relative phases of the outer beamlets with respect to the central reference. For
the 9-beamlet CBC array, the FCNN operated on a 24-dimensional input vector and produced 8
outputs. For each detector orientation (i.e., Detector and Detector Rotated), a separate FCNN
was trained using the corresponding datasets across positions z2 to z6. Each dataset was split
into training and validation subsets using a 90/10 ratio. Each FCNN model was trained using
the Adam optimizer with a learning rate of 2× 10−4 for 60 epochs and a batch size of 8. After
training, each model was evaluated on its respective validation set, and the mean phase prediction
error was recorded to facilitate performance comparison between detector approach at different
z-positions and detector orientations.

Figure 5(a3) (7-beamlet) and Fig. 5(b3) (9-beamlet) present a comparative analysis between
the CNN100 (i.e., trained on camera observations incorporating full interference pattern) and
two FCNN, each trained on datasets constructed using detector-based approach. The FCNN
differ in how their detectors are oriented: either along the axis connecting beamlets centers
(Detectors, shown in red) or rotated orthogonally (Detector Rotated shown in orange). For both
7- and 9-beamlet CBC array, the FCNN trained on detectors aligned along the centers followed
a consistent trend across axial positions: the highest phase prediction mean error occurred at
z2, followed by a minimum at z5, and then a slight increase at z6. In the 7-beamlet case, the
mean errors were 1.07 rad at z2, 0.10 rad at z5, and 0.18 rad at z6. For the 9-beamlet case, the
corresponding errors were 1.13 rad, 0.10 rad, and 0.23 rad, respectively.

Importantly, at z5, where interference is primarily between adjacent beamlets, the performance
of FCNN approached that of the CNN100. For example, at z5, the CNN100 achieved 0.09 rad
(7-beamlet) and, at z6, 0.10 rad (9-beamlet), nearly identical to the best-case performance of
FCNN. This suggests that, under suitable conditions, the FCNN performs similarly compared to
the CNN, despite having access only to sparse, integrated intensity readings.

This behavior can be attributed to the design principle behind the detector approach, which was
optimized based on two-beamlet interference. At z5, where beamlet interference predominantly
occurs between pairs of adjacent beamlets, this assumption holds well, and the sparse detector
configuration captures sufficient phase-relevant information. In contrast, at z2, where beamlets
largely overlap and the interference pattern becomes indistinct, the two-beamlet approximation
breaks down. At z6, although the interference is pairwise in nature, the fringe visibility is
diminished due to weaker overlap and a lower signal-to-noise ratio, both of which reduce phase
sensitivity.

To confirm the significance of detector orientation, FCNNs trained using rotated detector
configurations consistently yielded higher phase prediction errors. In the 7-beamlet case, the
minimum error achieved was 0.23 rad at z5, and for the 9-beamlet case, 0.55 rad at z5. These results
underscore the importance of aligning detectors along physically meaningful axes, particularly
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those corresponding to the direction of maximum intensity variation, for effective central “fringe”
location and unambiguous phase inference.

A comparative analysis of inference speed was conducted between the CNN100 and FCNN
architectures for phase inference in a 7-beamlet array. Benchmarking was performed on a
system running Windows 10 with an Intel Core i7-6700 CPU. Prior to benchmarking, the trained
models were converted from PyTorch (.pth) [25] to ONNX (.onnx) [26] to improve inference
efficiency. The CNN100 achieved an average inference rate of approximately 440 Hz for pure
model inference, while the operational bandwidth decreased to approximately 230 Hz when
data transfer was included. The FCNN demonstrated significantly faster performance, achieving
around 35 kHz for the model inference alone, and approximately 3700 Hz when data transfer
overhead was included. While these results depend on the underlying hardware, the observed
trend is consistent with theoretical expectations: due to their simpler structure, FCNNs typically
requires less computational resources and are consequently more efficient during phase inference.
In this case, the dominant limitation arises from data transfer rather than the FCNN inference
itself.

In summary, these findings demonstrate that, by identifying “information rich” areas in intensity
patterns and carefully selecting the information provided to the deep learning model, it is possible
to extract compact yet highly informative representations. This approach enables substantial
reductions in input dimensionality and significantly faster inference, all while preserving accuracy
in phase prediction.

6. Conclusions

This work presents a novel strategy for efficient phase inference in CBC systems using deep
learning, replacing high-dimensional camera observations with sparse, spatially integrated
intensity measurements. We demonstrate that, at specific axial positions of the imaging system
along the optical axis, input dimensionality can be drastically reduced without compromising
prediction accuracy. FCNNs trained on these compact representations achieved phase prediction
errors comparable to CNNs operating on full-resolution camera images (approximately λ⁄60 for a
7-beamlet hexagonal CBC array). Notably, the FCNN approach yielded a substantial gain in
inference speed (excluding data acquisition and transfer), achieving an effective inference rate of
approximately 35 kHz compared to 440 Hz for the CNN, representing more than 80-fold increase.
These results underscore the critical importance of informed input selection and demonstrate
that deep learning models can operate effectively on physically motivated, low-dimensional
representations. Overall, this approach offers a scalable and computationally efficient pathway
for phase retrieval in high-power laser systems.

Appendix A: uniqueness of single defocused intensity pattern

Although it has been demonstrated that defocused interference patterns enable convergence of
deep learning algorithms and allow phase identification with high accuracy, the question remains
whether the defocused plane mitigates or merely hides the non-uniqueness that is well known at
the focal plane. To address this question, we provide an analysis of near-field intensity patterns,
demonstrating the uniqueness of the phase-intensity mapping at early axial propagation positions.

Appendix B: analytical results

Consider a standard 7-channel hexagonal closely packed CBC array. The central and rightmost
beamlets are denoted 0 and 1, respectively. The rest are denoted as 2 to 6. For a fixed observation
plane z0 within the Fresnel domain (i.e., z0 small), in the region between beamlet 0 and 1, the
interference pattern is dominated by the relative phase (φ) between beamlets 0 and 1. The
contributions of the other beamlets are much smaller and their relative phases play a secondary
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role. In this case, we consider all the relative phases between beamlet 0 and 2-6 fixed and vary
only the relative phase (φ) between beamlets 0 and 1. At the fixed observation plane z0, in the
space between beamlets 0 and 1, the total field distribution can be expressed as

E(x, y, z0; φ) = E0(x, y, z0) + E1(x, y, z0)eiϕ (1)

where E0 is the sum of all the contributions of beamlets 0 plus 2-6, and E1 is the contribution of
beamlet 1. The total intensity distribution is given by:

I(φ) = |E(φ)|2 = |E0 |
2 + |E1 |

2 + E0E∗
1e−iϕ + E∗

0E1eiϕ (2)

which becomes
I(φ) = α + β cos(φ) + γ sin(φ) (3)

where
α = |E0 |

2 + |E1 |
2; β = 2Re{E∗

0E1}; γ = −2Im{E∗
0E1} (4)

In Eqs. (2)–(4) we have dropped the (x, y, z0) dependence for simplicity. The intensity is
sampled at three points x1, x2, x3 along the y = 0 line connecting the centers of beamlets 0 and 1.
The corresponding intensities are given by:

Ik(φ) = αk + βk cos(φ) + γk sin(φ); k = 1, 2, 3 (5)

For observation planes z0 close to the beamlet exit plane, the interference pattern between
beamlets 0 and 1 is dominated by an intensity notch, which can be fitted by a parabola. In this
case, we apply a centered quadratic fit, expressed as

f (x) = A(φ)(x − x0)
2 + B(φ)(x − x0) + C(φ) (6)

with
A(φ) =

I1 − 2I2 + I3

2h2 ; B(φ) =
I3 − I1

2h
; C(φ) = I2 (7)

where x0 ≡ x2 and |x1 − x2 | = |x3 − x2 | = h. The coefficient A, B and C give the curvature, linear
term and offset of the fitted parabola.

Since A, B, C are linear combinations of I1, I2, I3, they can also take the form

A(φ) = A0 + Ac cos(φ) + As sin(φ)
B(φ) = B0 + Bc cos(φ) + Bs sin(φ)
C(φ) = C0 + Cc cos(φ) + Cs sin(φ)

(8)

where
A0 =

α1−2α2+α3
2h2 ; Ac =

β1−2β2+β3
2h2 ; As =

γ1−2γ2+γ3
2h2

B0 =
α3−α1

2h ; Bc =
β3−β1

2h ; Bs =
γ3−γ1

2h

C0 = α2; Cc = β2; Cs = γ2

(9)

In the coefficient (A, B, C) space, A(φ), B(φ) and C(φ) form a coefficient vector F̄(φ) whose
tip moves in space as the relative phase (φ) is varied. The coefficient vector F̄(φ) can be expressed
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as:

F̄(φ) =

⎡⎢⎢⎢⎢⎢⎢⎢⎣
A(φ)

B(φ)

C(φ)

⎤⎥⎥⎥⎥⎥⎥⎥⎦
= F̄0 + ū cos(φ) + v̄ sin(φ) (10)

with

F̄0 =

⎡⎢⎢⎢⎢⎢⎢⎢⎣
A0

B0

C0

⎤⎥⎥⎥⎥⎥⎥⎥⎦
; ū =

⎡⎢⎢⎢⎢⎢⎢⎢⎣
Ac

Bc

Cc

⎤⎥⎥⎥⎥⎥⎥⎥⎦
; v̄ =

⎡⎢⎢⎢⎢⎢⎢⎢⎣
As

Bs

Cs

⎤⎥⎥⎥⎥⎥⎥⎥⎦
(11)

Equation (10) shows that the tip of the coefficient vector follows an ellipse in a 2D plane
defined by the directions ū and v̄ with offset F̄0 from the origin, imbedded in the 3D space
(A, B, C). Because the phase curve lies in a single plane, it cannot fold arbitrarily in 3-D space.
Instead, the curve is a simple ellipse, and it has no self-intersection. This shows that in the case
of three-detector fringe measurement (I1(φ), I2(φ), I3(φ)) and simple quadratic fitting, unique
phase (φ) recovery is possible from (A(φ), B(φ), C(φ)) (except for 2π periodicity).

Appendix C: symmetric two-beam special case

If we consider the influence of beamlets 2-6 on beamlet 0 is negligible or the special case of
two identical symmetrically placed beamlets about x0 ≡ x2 (y = 0), as shown in Fig. 6, the
corresponding electric fields at the detector positions x1, x2, x3 can be expressed as:

E0(x1, 0, z0) = E1(x3, 0, z0); E0(x3, 0, z0) = E1(x1, 0, z0); E0(x2, 0, z0) = E1(x2, 0, z0) (12)

Fig. 6. Schematic of two identical symmetrically placed beamlets about x0 ≡ x2.

In this case, it is easily shown that intensities I1, I2 and I3 fulfill the following relations

I1(φ) = I3(−φ); I2(φ) = I2(−φ) (13)

where Ik = |E(xk, 0, z0; φ)|2; k = 1, 2, 3. Substituting Eqs. (13) into (7), we obtain the following
generic relations for the coefficients of the centered quadratic fit:

A(φ) = A(−φ); B(φ) = −B(−φ); C(φ) = C(−φ) (14)

This means that A and C are even in phase, while B is odd in phase. So, in the ideal two-beam
symmetric case, from Eqs. (8) we obtain

A(φ) = A0 + Ac cos(φ)
B(φ) = B0 + Bs sin(φ)
C(φ) = C0 + Cc cos(φ)

(15)
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From Eqs. (10) and (11), the phase curve takes the simplified form:

F̄(φ) =

⎡⎢⎢⎢⎢⎢⎢⎢⎣
A0

0

C0

⎤⎥⎥⎥⎥⎥⎥⎥⎦
+

⎡⎢⎢⎢⎢⎢⎢⎢⎣
Ac

0

Cc

⎤⎥⎥⎥⎥⎥⎥⎥⎦
cos(φ) +

⎡⎢⎢⎢⎢⎢⎢⎢⎣
0

Bs

0

⎤⎥⎥⎥⎥⎥⎥⎥⎦
sin(φ) (16)

In this case, the ellipse cosine direction is in the A-C plane and the sine direction along B.

Appendix D: experimental results

We begin the experimental analysis by considering a single beamlet in a 7-channel CBC array,
specifically the rightmost beamlet. Figure 7(a) shows three example intensity patterns. In the
leftmost image, the phase of the selected beamlet is -π (relative to the central reference fiber). In
the central image, the phase is 0π, and in the right image the phase is π. In these examples, the
phases of the remaining beamlets are random and their exact values are not important for the
present discussion.

Fig. 7. (a) Example intensity patterns of a 7-channel CBC system recorded at the axial
position z5 for different relative phases of the selected rightmost beamlet. (b) One-dimensional
intensity distribution along the line indicated in (a). The grey regions mark the detector
positions used for intensity sampling. (c) Coefficients A, B, and C of the quadratic fit
y = Ax2 + Bx + C plotted as functions of the phase of the selected rightmost beamlet.

Figure 7(b) illustrates a one-dimensional slice taken along the white line overlaid on Fig. 7(a),
showing the intensity as a function of position. At this axial position (i.e., z5), the intensity
profile exhibits a parabolic shape when the phase of the beamlet under consideration is ±π, while
the parabola becomes shallower when the beamlet phase is 0π. The grey regions indicate the
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positions of the three detectors defined in the main text of the manuscript. Each detector averages
the intensity over its area, resulting in three measured values. The placement of the detectors
effectively samples three points along the parabola. These values are sufficient to perform a
quadratic fit, shown as the red curve in Fig. 7(b).

Next, we consider 1000 intensity patterns, each generated by applying random phases to the
outer beamlets within the range -π to π. For each intensity pattern, a quadratic function of the
form y = Ax2 + Bx + C is fitted to the detector measurements obtained from the fixed detector
positions. The resulting coefficients A, B, and C are then plotted as functions of the beamlet
phase, as shown in Fig. 7(c). Although some noise is present, the coefficients A and C exhibit
clear symmetric (even) dependence around 0π with respect to the phase of beamlet, whereas the
coefficient B shows a distinctly asymmetric (odd) dependence. This dependence is in very good
agreement with the analytical relations expressed by Eqs. (14). The observed noise primarily
comes from the contributions of the remaining beamlets and is significantly smaller in the simple
2-beamlet case (where no additional beamlets are present) at the same axial position z5.

Due to the even symmetries around 0π, observed in Fig. 7(c), coefficients A and C or their
combination A + C cannot be used to uniquely distinguish a given phase from its negative
counterpart. Coefficient B, on the other hand, although showing odd symmetry around 0π, it
cannot be used to uniquely distinguish the relative phase of the rightmost beamlet. For example,
a value B0 on its own can provide two phases (ϕ1 and ϕ2 shown in Fig. 7(c)), resulting in a
phase ambiguity. However, if B0 is combined with A1(A2), their combination can determine
ϕ1(ϕ2) unambiguously. Similarly, if B0 is combined with C1(C2) or A1 + C1(A2 + C2), these
combinations again can determine the phase ϕ1(ϕ2) unambiguously.

To quantify the predictions outlined above, we carried out an additional analysis in which
four additional FCNNs were trained and validated on fitted coefficient-beamlet phase pairs.
Specifically, the detector readings from the main manuscript were used to fit a quadratic function
to each intensity pattern, yielding coefficients A, B, and C. One FCNN was trained using all
three coefficients (A, B, C) as input to predict the phase of the rightmost beamlet (i.e., input
dimensionality of 3 m output dimensionality of 1). The remaining three FCNNs were trained
using all possible pairs of coefficients (i.e., A+ B, B+C, A+C, input dimensionality of 2, output
dimensionality of 1). The prediction accuracy of these FCNNs was subsequently compared
qualitatively to that of the original FCNN trained on the raw detector readings for the rightmost
beamlet. The results are plotted in Fig. 8. In Fig. 8(a), training and validation were carried
out by using the raw intensities recorded directly by the three detectors and used as a reference.
In Fig. 8(b-e) training and validation were carried out by using the fitted parabola coefficients
A + B + C, A + B, A + C and B + C, respectively. In Fig. 8(b) it is shown that using all three
coefficients A, B, C results in a validation map almost indistinguishable from the three-detector
reference (see Fig. 8(a)). The same applies when coefficient B is combined with either A (B + A -
Fig. 8(c)) or C (B+C – Fig. 8(d)). On the contrary, when only coefficients A and C are taken into
consideration, the corresponding validation map, shown in Fig. 8(e), demonstrates that no reliable
phase extraction can be achieved. All these findings are in close agreement with the conclusions,
drawn above from the symmetries of coefficients A, B, C, shown in Fig. 7(c). Although the A, B,
C coefficient curves in Fig. 7(c) are effected by noise, the experimental results of Fig. 8 clearly
demonstrate that use of the NN results in quite accurate and reliable prediction-ground truth
validation maps.

In this Appendix, we have shown analytically and experimentally that monitoring the charac-
teristic intensity dip (“dark” fringe), formed by interference between two adjacent beamlets (0
and 1) in the near field, using three closely spaced detectors, breaks the one-to-many inverse
phase recovery problem, pertinent to CBC systems, and results in an unambiguous extraction
of the beamlet relative phase. We should add, however, that as we move the observation plane
outside the near field region, approaching the focal plane, the propagated fields from beams 2–6
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Fig. 8. Prediction-ground truth validation maps of a 7-channel CBC system recorded at the
axial position z5 for different relative phases of the selected rightmost beamlet. Training and
validation were carried out by using (a) intensities recorded by the three detectors and the
fitted parabola coefficients (b) A+B+C, (c) A+B, (d) A+C and (e) B+C.

spread and interfere more strongly inside the local fitting window between beamlets 0 and 1. The
quadratic fit coefficients A, B, C change in magnitude and relative phase, and the chosen local
window may stop tracking a single intensity dip. That alone does not yet create self-intersections,
but it makes the simple ellipse, discussed in section 1, less physically meaningful. As a result, the
phase extraction ambiguity increases and the FCNN mean phase error increases (see Fig. 5(a3)
and Fig. 5(b3)).
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