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ABSTRACT

Coherent beam combination is a scalable and efficient technique for the reception of photon-starved signals
in free-space optical communication systems. Its performance relies on accurate real-time estimation of phase
fluctuations induced by e.g. atmospheric turbulence. Such estimation must be computationally efficient to
enable phase correction during signal acquisition. In this work, we propose a novel approach to phase estimation
in cascade coherent beam combination based on recurrent neural networks. The proposed model employs Long
Short-Term Memory units to exploit temporal correlations present in photon-counting measurements and to infer
the corresponding phase corrections. The network approximates a Bayesian estimation procedure that provides
statistically optimal phase estimates. The results demonstrate the potential of recurrent neural networks as
an alternative to conventional estimation methods for real-time coherent beam combination in photon-starved
optical communication systems.

Keywords: coherent beam combination, deep space optical communication, photon-starved communication,
phase estimation, neural networks

1. INTRODUCTION

Reliable reception of weak optical signals is one of the main challenges in free-space optical communication. This
problem is particularly important in deep-space links, where the received optical power is extremely low, placing
the communication system in the photon-starved regime.1 In such a case, efficient signal collection requires large
receiving apertures. However, for ground-based receivers, increasing the aperture size raises the sensitivity to
atmospheric turbulence, making adaptive optics necessary and significantly increasing the complexity and cost
of the reciever system.

An alternative way of signal reception that avoids the problems associated with a large aperture size is the
technique of coherent beam combination (CBC), which allows the combination of signal beams gathered by a
number of small apertures.2–4 In the basic CBC configuration, two beams that are outputs of two small apertures
interfere on a balanced beam splitter whose dark output port is monitored by an on–off direct detector. The
atmospheric turbulence, among other effects, such as scintillation,5 causes the relative optical phase between the
beams to fluctuate in time. As a consequence, an imperfect interference occurs resulting in photocounts observed
in the dark port, which in turn allow to compensate for the phase mismatch using a feedback loop and a phase
modulator. As the number of receiving apertures increases, CBC can be implemented in a hierarchical cascade
architecture, where pairs of beams are combined successively over multiple stages.4 The advantage is that not
only one can gather the signal from a large total area by expanding the array of small apertures, but also, by
cascading the outputs and combining them in pairwise manner, one can obtain almost a double increase of the
received signal intensity every cascade layer. Such an architecture provides a scalable approach to increasing the
collected optical power and improving signal quality in the photon-starved regime.

The performance of both single-stage and cascade CBC systems critically depends on accurate and compu-
tationally efficient phase estimation for feedback control. In this work, we investigate the use of recurrent neural
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Figure 1. Basic scheme for coherent beam-combination of two light beams. The optical phase of the incoming signal
evolves according to a Wiener diffusion process, resulting in a relative phase difference ϕ between two beams of equal
intensity I0 collected by the receiving apertures. The beams interfere on a balanced beam splitter, whose dark output is
monitored by a photon detector. The detection outcomes are processed by a phase estimator (PE), which determines the
phase correction applied by the phase modulator (PM) in a feedback loop. The objective of the feedback is to maximize
the intensity Ibright at the bright output (equivalently, to minimize the intensity Idark at the dark output)

network (RNN) architecture based phase estimator. Our model employs Long Short-Term Memory (LSTM)
units6 to capture temporal correlations in photon counting data. The network is trained and validated on sim-
ulated datasets using target phase estimates generated by a Bayesian estimation procedure,3 which provides
optimal phase estimates.

2. COHERENT BEAM-COMBINATION

In the simplest binary coherent beam-combination module, seen in Fig. 1, two optical beams with a relative phase
difference ϕ and equal intensity I0 interfere on a 50:50 beam splitter. Due to the impact of e.g. the turbulent
atmosphere, the phase fluctuates in time which is modeled by a Wiener diffusion process,3,4 i.e. during each
time interval ∆t, the phase increment ∆ϕ is assumed to be an independent Gaussian random variable with zero
mean and variance 2D∆t, where D is the phase diffusion constant. Consequently, the phase evolves according
to the discrete-time random walk

ϕ(t + ∆t) = ϕ(t) + ∆ϕ, ∆ϕ ∼ N (0, 2D∆t). (1)

The dark port is monitored by a Geiger-mode photon detector, which forms a part of the feedback loop that
estimates and applies a phase correction ϕ̃ to one of the input beams before it reaches the beam splitter. The
intensities at the output ports are given by

Ibright,dark = I0

[
1 ± cos(ϕ− ϕ̃)

]
, (2)

where bright and dark output ports are labeled due to the fact that for perfect phase correction output intensities
are a result of constructive (Ibright = 2I0) and destructive (Idark = 0) interference, respectively.

In the photon starved regime one does not deal with continuous intensities but rather discrete photocounts,
which, according to standard photodetection theory, are characterized by Poissonian statistics. The probabilities
of observing a click (k = 1) or not (k = 0) during a measurement interval of duration ∆t are respectively given
by

p(k = 1|ϕ) = 1 − exp(−Idark∆t), p(k = 0|ϕ) = exp(−Idark∆t). (3)

Note that, as the difference between the control and true phases increases, the probability p(k = 1|ϕ) of observing
a click also grows, meaning the detection events provide partial information about the unknown phase difference.
Importantly, the above basic two-beam CBC modules can be joined together in a cascaded manner to provide a
combination scheme for multiple input beams, as seen in Fig. 2(a).



Figure 2. (a) Two-stage cascade CBC scheme. In the first stage, light collected by four apertures is combined pairwise.
The bright outputs are subsequently combined in the second stage. (b)–(d) Simulated examples of the true phase difference
(black) and the phase estimates (blue, orange, and red) applied by the phase modulators at the CBC stages indicated
by the color corresponding to (a). (e) Intensities measured at the bright outputs of the corresponding beam-combination
stages. The beam-combination efficiencies, shown in parentheses, were calculated using Eq. (4) over 100000 time steps.
Simulation parameters: D = 0.05 rad2/ms, I0 = 10 photons/ms, and ∆t = 0.05 ms.

The goal of the CBC is to minimize (maximize) the intensity in the dark (bright) port, which is equivalent
to minimizing the number of photocounts observed in the dark port. This can be accomplished using various
phase correction algorithms. In the Bayesian approach, the probability distribution of the phase is updated after
each measurement according to Bayes’ theorem, combining prior knowledge with the likelihood of the observed
detection outcome.3 The resulting posterior distribution is used to obtain a maximum a posteriori (MAP)
estimate of the phase correction ϕ̃, which is subsequently applied through a feedback loop to maximize the power
directed to the bright output port. Note that from the MAP estimate one does not know the appropriate sign
of the phase correction, however, if the incorrect sign has been chosen, the probability of a click in the next
time step grows according to Eq. 3 and another correction will be made in a short time. The effectiveness of the
Bayesian update heuristic is partly due to this self-correcting behavior. Importantly, even though we assume
throughout this work that the incoming beams have equal intensities, the analysis can be readily generalized to
the more realistic case of beams with unequal intensities or in the presence of external noise or dark counts.4

In order to combine more beams, several basic two-beam schemes may be put in a cascaded network, as
seen in Fig. 2(a). The first stage of the cascade combines pairs of input beams. Next the bright output ports
of the first layer two-beam CBC schemes are combined in the second stage etc., until one is left with a single
output beam, enabling a further increase in the signal intensity. Figs. 2(b)-(e) present the simulation results for
such a two-stage cascaded CBC configuration with four input beams. It is seen in (Figs. 2(b),(c) and Fig. 2(d)
respectively, that the phase correction follows the true value of phase both in two first-layer CBC schemes as
well as in the single second layer setup. The corresponding intensities in the bright ports for each case are seen
in Fig. 2(e).

The crucial parameter describing the performance of a CBC scheme is its efficiency, defined as the averaged
ratio of the intensity leaving the scheme through the bright port to the total input intensity. For a cascaded
scheme with l layers the efficiency is given by

ηl =

〈
Ibright
2lI0

〉
· 100%, (4)

where ⟨ . ⟩ denotes the average over many realizations of the correction protocol. It is seen in Fig. 2(e) that one
can attain a high combining efficiency both in individual two-beam CBC schemes as well as in a multiple-beam
cascaded architecture.



Figure 3. (a) A scheme of a neural-network based phase estimator. The input vector, containing the phase estimates
and click history over the past Ns time steps, is fed into the neural network, whose architecture is schematically shown.
The network output is a two-dimensional vector corresponding to the sine and cosine of the estimated phase correction to
be applied by the phase modulator. (b) Two unit vectors representing true phase difference between the incoming beams
(ϕ, yellow) and its estimate (ϕ̃, red). Their dot product provides a measure of agreement between the predicted and true
phases (cosine similarity), and the loss is defined as one minus this quantity.

3. NEURAL NETWORK APPROACH

The problem of phase estimation in photon-starved coherent beam combination can be formulated as a time-
series prediction task, where the control phase must be updated sequentially after each detection event. Classical
supervised learning approaches for such sequential problems include recurrent neural networks (RNNs), in par-
ticular with Long Short-Term Memory (LSTM) units,6 as well as transformer-based architectures based on the
multi-head attention mechanism.7 The LSTMs in their original or modified versions are used for a wide range
of tasks8 with dependencies of data superposed with noise such as voice9 and handwriting recognition,10 en-
ergy consumption11 or financial forecasting.12 In this work, we restrict ourselves to LSTM-based models due to
their favorable trade-off between computational complexity and real-time sequence analysis performance. LSTM
networks, originally introduced to mitigate the vanishing gradient problem in standard RNNs, are capable of
learning temporal dependencies by maintaining a persistent hidden state. Their gating mechanism – consisting
of input, output, and forget gates – allows the network to selectively retain or discard information over time.6

Because the phase to be estimated during CBC follows a diffusion process, consecutive measurements are
statistically correlated rather than independent. Exploiting these temporal correlations is therefore essential for
accurate phase estimation, motivating the use of recurrent neural networks such as LSTMs. While this work
focuses on LSTM-based models, other machine learning approaches may also prove effective, including alternative
data representations, different sequence modeling architectures, or reinforcement learning strategies for direct
optimization of the phase control process.

3.1 The model

The objective of the proposed neural network is to approximate the Bayesian phase estimator while providing
faster inference suitable for real-time feedback. The network operates in an online feedback configuration, where
previous outputs are used to determine new control phases after the true phase difference between the beams has
drifted and a new detection event occurs. Consequently, the network must infer the temporal context of previous
correction attempts. In particular, it must distinguish between situations in which several phase corrections have
already been applied unsuccessfully, resulting in additional detector clicks, and situations in which a detector
click occurs after a long period without detection events. This temporal dependency further motivates the use
of a recurrent architecture.

All results in the paper were obtained using the TensorFlow (Keras API) library for machine learning in
Python.13 The proposed architecture, schematically illustrated in Fig. 3(a), consists of an input layer, an LSTM
layer, a fully connected output layer, and a normalization layer. The input layer defines the expected input tensor



Figure 4. Two-stage cascade CBC scheme with neural-network based phase estimation. (a) Scheme of two-stage CBC.
(b)–(d) Examples of the true phase difference (black) and the corresponding phase estimates (blue, orange, and red)
applied by the phase modulators at each CBC stage. (e) Intensities measured at the bright outputs of the corresponding
beam-combination stages. The beam-combination efficiencies, shown in parentheses, were calculated using Eq. (4) over
100000 time steps. Simulation parameters: D = 0.05 rad2/ms, I0 = 10 photons/ms, and ∆t = 0.05 ms.

shape as a sequence of length N = 8, where each time step is represented by a three-dimensional feature vector
(d = 3). As the input layer serves only to specify the input format, it contains no trainable parameters. The
three input channels, depicted in Fig. 3(a), correspond to: (i) the sine of the control phase applied at each time
step of the input sequence, (ii) the corresponding cosine values, and (iii) a binary sequence indicating photon
detection events, with values 0 and 1 denoting the absence or occurrence of a detection event, respectively.

The recurrent part of the network is implemented using a standard LSTM cell with a hidden-state dimension
(H=8), employing the default sigmoid and hyperbolic tangent activation functions. The LSTM output is sub-
sequently mapped by a fully connected (Dense) layer with two output neurons. A normalization layer projects
the output onto the unit circle by applying L2 normalization. These normalized outputs are interpreted as
estimates of the sine and cosine of the phase correction (see Fig. 3(a)). The normalizing layer is optional or can
be implemented outside the model. The loss function for a single prediction is defined as cosine distance on the
unit circle:

L = 1 − cos (ϕ̃− ϕ̃NN ) (5)

where the cosine of the phase difference is equivalent to the dot product calculated between the target phase
correction (sin ϕ̃, cos ϕ̃) and the network’s prediction of this correction (sin ϕ̃NN , cos ϕ̃NN ), see Fig. 3(b). For
small angular differences, the loss function satisfies L ≈ (ϕ̃− ϕ̃NN )2/2 and therefore locally behaves as the mean
squared error (MSE) function while naturally accounting for the periodicity of angular variables.

The generated dataset was randomly divided into training (80%) and validation (20%) subsets. The dataset
consisted of sequences generated using Bayesian estimation method but modified such that after each timestep
the likelihood was updated depending on the measurement outcome on the dark port but with phase corrections
determined by MAP applied only if detector on the dark port clicked. During training, the samples in the
training set were shuffled at the beginning of each epoch and processed in batches. For each batch, the loss
was computed as the mean of the individual sample losses defined in Eq. 5, and the network parameters were
updated using the Adaptive Moment Estimation (Adam) optimizer.13 The validation set was used to monitor
the training process, and the learning rate was automatically reduced upon a plateau in the validation loss using
the ReduceLROnPlateau13 scheduling strategy.

3.2 Results

The network architecture and hyperparameters were selected to minimize the inference time while maintaining
the beam-combination efficiency within an arbitrarily chosen tolerance of 3% with respect to previously reported
Bayesian estimation methods.3,4 Since the Bayesian estimator was used to generate the training targets, the
efficiency of supervised learning neural-network based estimator is not expected to surpass its efficiency. Instead,



the goal of the proposed approach is to achieve comparable estimation accuracy with a different implementation
of phase estimation to open a new way for possible reduction in phase inference time.

The minimal working neural network consisted of H = 8 hidden units and was obtained for input sequences
consisting of past N = 8 steps. It is seen in Fig. 4 that neural network estimator enables efficient beam
combination both in the basic two-beam scheme as well as in the cascaded scenario. Note, that in order to
have a useful phase correction procedure the bandwidth of the feedback loop and time required for the phase
estimation protocol need to be in principle smaller than the time interval between subsequent measurements and
characteristic time scale in which diffusion process randomizes the phase between the beams too much. This
depends on the hardware implementation and optimization of the runtime routine, however in the above case
the simplest way in which it was achieved was to convert the network using tensorflow.lite and running it
with Interpreter interface.

4. CONCLUSIONS

In this work, we demonstrated a neural-network-based approach for phase estimation in photon-starved coherent
beam combination systems. A compact LSTM estimator was developed and evaluated using datasets generated
by a Bayesian phase estimation procedure. By optimizing the network architecture and input history, we obtained
a lightweight model capable of maintaining comparable beam-combination efficiency.

The presented results demonstrate the feasibility of using recurrent neural networks for low-latency phase
estimation in CBC feedback loops. Although the neural estimator does not surpass the Bayesian method used for
generating the training targets in terms of efficiency, it provides a different implementation strategy with potential
advantages in inference speed and hardware deployment. Further optimization of the network architecture and
inference implementation may enable real-time neural-network-based phase stabilization in scalable coherent
beam combination systems.
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