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ABSTRACT: Fibre optic coupling is a critical component in optical communication systems, which involves efficiently transmitting op-
tical signals from a light source to an optical fibre and efficiently receiving optical signals from the optical fibre to an optical detector.
This process requires minimizing the loss of optical signals during the coupling process to maintain the performance and stability of the
communication system. The complex environmental conditions and dynamic changes in optical systems that traditional optimization
methods face often make it difficult to handle effectively. Therefore, this study uses deep reinforcement learning and adaptive optics
technology to optimize fibre coupling efficiency. The optical fibre transmission performance is analyzed and optimized by combining the
transmission matrix method and coupling conditions. Because the 2.6 Gb/s optical transmission system is a high-speed optical communi-
cation system capable of transmitting 260 million bits of data per second on a single optical fibre, this study selected the 2.6 Gb/s optical
transmission system for single fibre three-way optical components. The optimization results show that the thickness of the isolator has
been reduced by 2.356 mm, and the coupling efficiency has reached 79.95%. The optimized coupling steps can effectively optimize the
coupling process, and the optimized optical components have high coupling efficiency, yield, and integration. The analysis of multiple
sets of experimental data showed that the proposed method could improve the fibre coupling efficiency by an average of 15% to 20%
under different environmental conditions. These data also show that the new framework performs well in optical path optimization and
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demonstrates excellent stability and real-time response capabilities in complex environments.

1. INTRODUCTION

In 1990, the birth of the Hubble Space Telescope marked a sig-
nificant breakthrough in the field of space telescopes. How-
ever, maintenance difficulties and high costs limited this tech-
nology’s development and application. In 1953, American sci-
entist Babcock proposed the concept of adaptive optics technol-
ogy, which is a method that uses instantly measured wavefront
information to calculate and apply compensation for wavefront
distortion [1]. The development of this technology has brought
new possibilities for the performance optimization of optical
systems and the improvement of observation quality, which is
of great significance to modern astronomy and optical research.
This innovation marks the birth of adaptive optics technology.
Optical fiber coupling plays a pivotal role in optical systems,
significantly influencing the transmission efficiency of optical
signals and overall system performance. Therefore, optimizing
this link is crucial for achieving enhanced signal transmission,
operational efficiency, and system reliability across various ap-
plications [2]. Traditional optical fiber coupling optimization
methods are usually based on empirical models or trial-and-
error methods, which are limited by the challenges of complex
optical environments and real-time dynamic changes [3,4]. In
recent years, the rapid development of deep learning technolo-
gies has revolutionized solutions to numerous challenges across
various fields, ranging from healthcare and finance to robotics
and autonomous systems [5]. Deep reinforcement learning is a
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specialized method that learns optimal action strategies through
iterative interaction with the environment, proving effective in
robotics, gaming, autonomous driving, and industrial automa-
tion. The advancement of this technology not only pushes the
boundaries of artificial intelligence but also opens up new paths
for future research and application [6, 7].

In 1994, the U.S. Air Force studied a method to predict the
performance of adaptive optical systems and study their re-
sponse functions [8]. In 1998, Voronston and Sivokon pro-
posed the stochastic parallel gradient descent (SPGD) algo-
rithm to solve the wavefront distortion problem [9]. In 2002,
Weyrauch’s team used the SPGD algorithm to correct wave-
front distortion in real time under atmospheric turbulence sim-
ulation, which was used to study laser focusing experiments
[10]. Adaptive optical systems’ development has witnessed al-
gorithms’ vital role in improving optical imaging quality. From
the U.S. Army using the SPGD algorithm to improving laser
communication [11] to Sano and Kita’s team using genetic al-
gorithms to optimize confocal microscopic imaging and laser
spot shape, respectively [12]. Kirkpatrick’s team uses a simu-
lated annealing algorithm to enhance retinal imaging; these ad-
vances reflect the innovative ability of computational methods
in optics [13]. In addition, Xiang et al.’s convolutional neural
network method is proposed, demonstrating the potential appli-
cation of deep learning technology in optical systems [14].

Deep reinforcement learning combines perception with re-
inforcement learning’s decision-making to optimize returns
through iterative agent-environment interaction, which is ap-
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plied in robotics, gaming, autonomy, and industry [15]. In op-
tics, especially in optimizing optical fiber coupling systems,
deep reinforcement learning can achieve real-time adjustment
and optimization of coupling efficiency by modeling complex
optical transmission processes and environmental changes [16].

Deep reinforcement learning (DRL) represents a significant
breakthrough in artificial intelligence, merging deep learn-
ing’s advanced perception capabilities with reinforcement
learning’s sophisticated decision-making processes.  This
synergy empowers systems to learn optimal behaviors through
iterative interactions with complex environments, driving
advancements across diverse fields such as robotics, gam-
ing, autonomous systems, and industrial automation. These
algorithms have demonstrated performance beyond expecta-
tions in several fields, profoundly impacting adaptive optics
(AO) intelligent control technology [17,18]. DRL methods
are divided into two main categories: value function-based
and direct policy search-based, advancing Al capabilities in
robotics, gaming, and decision-making. The former includes
Monte Carlo-based and time-difference methods. In contrast,
the latter consists of the policy gradient method, confidence
region strategy method, deterministic strategy search method,
and guided strategy search method [19,20]. In 2015, Lilli-
crap et al. introduced the deep deterministic policy gradient
(DDPG) [21] algorithm to address control in continuous
action spaces, showcasing robustness and stability in AO
systems with Hartmann wavefront sensors. As a multi-input,
multi-output system, AO systems encounter the challenge
of optimizing high-dimensional continuous action spaces,
effectively addressed by the DDPG algorithm [22, 23].

This article aims to combine deep reinforcement learning
with adaptive optics technology to optimize fibre coupling ef-
ficiency and improve the capabilities of optical communication
systems. The stability and coupling efficiency of fibre optic
communication systems can be improved by intelligently ad-
justing the parameters of optical components to compensate en-
vironmental interference and fibre alignment deviation in real
time. In fibre optic coupling optimization, the state includes the
position of optical components, the setting of phase adjusters,
etc., and the action corresponds to adjusting these parameters
to optimize coupling efficiency. By evaluating the coupling ef-
ficiency of the system, the intelligent agent is guided to learn
the best strategy and utilises deep networks to perceive system
states and employ deterministic policy gradients to optimize
control strategies. AO system is a linear time-invariant system.
DRL provides a new path optimization deterministic strategy
through interactive learning with the dynamic environment, im-
proving the control performance of the AO system under uncer-
tain conditions.

2. OPTIMIZATION OF FIBER COUPLING EFFICIENCY
BASED ON ADAPTIVE OPTICS TECHNOLOGY

2.1. Calibration of Adaptive Optics Technology

Adaptive optics technology represents an advanced capability
enabling real-time adjustment of optical system parameters to
effectively accommodate environmental changes and mitigate
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noise, thus enhancing the performance in various optical appli-
cations [24, 25]. In the optical system, the channel is the critical
path of information transmission, and adaptive optics technol-
ogy plays an important role in ensuring the accurate and effi-
cient transmission of channel information. Optical components
such as deformable mirrors and phase modulators mainly real-
ize adaptive optics technology, which can accurately control the
optical signal in the channel, further optimize the optical fiber
coupling process, reduce the loss and interference of the signal
in the channel transmission, ensure that the channel can trans-
mit information in the best state, and improve the performance
of the entire optical system.

Figure 1 shows the key components and their arrangement of
the fibre coupling efficiency optimization system based on deep
reinforcement learning and adaptive optics technology. The
light source, located at the top left of the image, is the source
of the light beam. The V-AO module (Variable Adaptive Op-
tics Module) is an adaptive optics system used to dynamically
adjust the wavefront of a beam to compensate the wavefront
distortion caused by atmospheric disturbances, fibre bending,
and other factors. This module achieves real-time measure-
ment and correction of wavefront through built-in deformable
mirrors and wavefront sensors.

Sample refers to the fibre optic coupling system or related op-
tical components that must be optimized. After passing through
the V-AO module, the beam enters the sample area, which
includes optical components such as fibres, lenses, and mir-
rors, used to achieve beam focusing, coupling, and other opera-
tions. The optical sequence starts from the light source, passes
through the V-AO module, and then the sample, finally reach-
ing the entire optical path of the detector. The camera is located
on the right side of the image and is used to capture the beam
image after passing through the sample. The camera transmits
the captured image to a deep reinforcement learning algorithm
to analyze the coupling efficiency of the beam and adjusts the
parameters of the V-AO module based on the analysis results to
optimize the fibre coupling efficiency.

The deep reinforcement learning algorithm is the core part of
the entire system. The algorithm receives image data captured
by the camera, analyzes the coupling efficiency of the beam,
generates control signals based on the analysis results, and ad-
justs the parameters of the V-AO module to optimize the fibre
coupling efficiency.

In the optical distortion correction strategy, after the beam
expands, the illumination beam reflects from the first spatial
light modulator (SLM), passes through the half-wave plate, and
reflects from the second SLM. Then, the beam is split into two
paths by a 50:50 non-polarized beam splitter. The reflection
path passes through a circular polarizer, composed of a linear
polarizer, and is guided by the transmission axis in the hori-
zontal direction, with its fast axis at 45 degrees. The camera
is placed behind an equivalent circular polarizer to capture in-
tensity images. This transmission path serves as the illumi-
nation source for the sample, and its movement is controlled
through a three-axis translation stage. A polarization state ana-
lyzer was used to achieve Stokes vector measurement, consist-
ing of a quarter wave plate installed in the electric rotation stage
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FIGURE 1. Schematic diagram of optical distortion correction strategy.

and a linear polarizer with its transmission axis oriented in the
horizontal direction. Another camera recorded the final image.

AO-SOP corrector employs two SLMs to enable pixel-wise
generation of arbitrarily spatially varying state of polarizations
(SOPs). Traditionally, each pixel on SLMs undergoes a pre-
cise delay calibration process to establish the relationship be-
tween delay values and applied voltages for optimal control of
the output SOP [26]. Our approach diverges from this norm by
directly optimizing pixel values without requiring prior SLM
calibration, thereby facilitating SOP correction. This method
involves adjusting the SLMs iteratively to maximize intensity
until the generated SOP aligns with the target SOP determined
by the circular polarizer camera, effectively transforming how
SOP correction is achieved.

These elements can adjust the optical path and phase based
on the real-time feedback signal to maximize the energy of the
transmitted optical signal into the target optical fiber. Since the
model can be easily locked on false artifact, the models that
perform well on average have high group errors. The branch-
ing method to form gradient descent reinforcement optimiza-
tion (GDRO) aims to minimize the worst population loss di-
rectly.

System response time and processing speed are the key in-
dicators to measure its real-time performance, which directly
affects the dynamic adjustment ability of fiber coupling effi-
ciency optimization. In this experiment, a high-precision times-
tamp recording technique (with an accuracy of 1 ps) was used
to test the system response time in different workload scenar-
ios: the average response time was 12.3 ms in the low-load sce-
nario (single-wavelength, single-mode fiber end-to-end cou-
pling), which was limited by the hardware 8 ms signal trans-
mission delay and the algorithm 4.3 ms single iteration time. In
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the medium load case (multi-wavelength multiplexing, single-
mode-multimode hybrid coupling), the algorithm time is in-
creased by 30% to 12.5 ms, and the hardware delay is increased
to 16.2 ms. For high-load tasks (multi-wavelength, multi-mode
fiber-side coupling with environmental interference), it takes
45.6 ms; the algorithm takes 21.1 ms to process a large amount
of environmental and optical information; and the distortion de-
lay of the hardware response to complex wavefronts increases
to 24.5 ms, which is still lower than the time scale of hundreds
of milliseconds for dynamic changes in fiber coupling. The
system processing speed is quantified by the number of suc-
cessfully optimized couplings per unit time of measurement,
with a processing speed of 18 times per minute (3.33 s per ses-
sion) for basic tasks (single-mode fiber end-to-end alignment)
and 7 times per minute (8.57 s per session) for complex tasks
(multimode fiber side coupling and dynamic compensation of
interference).

2.2. Optimization of Coupling Efficiency by Deep Reinforce-
ment Learning Model

MUSCLE is a Multi-scale Unified Sensing and Control Learn-
ing Engine. It occupies a key position in the whole optimization
system, which can perceive and analyze the transmission char-
acteristics of light waves from different scales, and dynamically
adjust the parameters of the adaptive optics system combined
with deep reinforcement learning algorithms. For example, in
long-distance optical fiber transmission, MUSCLE can quickly
and accurately formulate compensation strategies based on the
real-time monitoring of optical signal attenuation and distor-
tion, and enhance signal strength and combat attenuation ef-
fects by controlling optical amplifiers, pre-equalizers, and other
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equipment, so as to effectively improve the optical fiber cou-
pling efficiency and ensure the efficient and stable operation of
the optical system.

The fusion module plays a crucial role in enabling deep inte-
gration between the various viewpoint features associated with
the data point and the reference point. This module ensures the
effective propagation of these features between different per-
spectives, enhancing the overall understanding of the scene. As
shown in Figure 2, we provide a detailed breakdown of the un-
derlying architecture of this fusion block. Deep reinforcement
learning algorithms analyze the key features of optical signal in-
tensity patterns, enabling precise adjustments to the alignment
process.

Initiating from the core concept of range-based analysis and
leveraging multiple stages from the main pipeline of viewpoint-
specific feature extraction, our approach begins by sampling
a 2D representation. This step involves pinpointing the range
boundaries relevant to each 3D point, utilizing a search opera-
tion within their respective ranges coupled with referencing a
functional index table. Through this systematic exploration, we
ensure that each point’s unique perspective contributes effec-
tively to the collective feature pool, thereby enriching the depth
and comprehensiveness of the fused output. To deal with scale
changes, especially in the case of spatially uneven distribution,
bilinear interpolation is often used to accurately obtain each po-
sition’s proportional relationship [27,28]. The process extracts

Just Train Twice
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the 3D features from the Point Function Map for Point View
functionality. These features are then integrated with their cor-
responding 2D functionalities before being forwarded to the se-
ries multi-layer perceptrons (MLPs) for comprehensive analy-
sis. After aggregating the results, the network re-projects them
to maintain range and point views, ensuring continuity in sub-
sequent processing steps.

Figure 3 outlines the process of our novel two-phase de-
tection mechanism incorporated into a hierarchical pseudo-
correlation algorithm. At its core, this system unites classic
feedback systems with modern deep reinforcement learning
methodologies, orchestrating an efficient closed-loop control.
The Optical Fiber Coupling Monitor — a key component pre-
viously termed ‘George’ — acts as a vigilant sensor, constantly
overseeing fiber coupling efficiency and transmitting live up-
dates to the deep reinforcement learning model for swift analy-
sis. An active agent, central to our design, dynamically refines
actions based on incoming feedback, autonomously optimiz-
ing system operations. By harnessing this synergistic approach,
we significantly boost system agility and resilience against the
backdrop of complex optical settings and ongoing fluctuations.

In view of the unexpected environmental disturbance and the
change of system parameters, two groups of control experi-
ments were designed to verify the robustness of the method. In
the environmental disturbance experiment, the sudden temper-
ature change of £10°C/min was simulated by a programmable
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temperature control module, and a tunable laser source was in-
troduced to generate external optical interference of 0—500 pW.
In the system parameter change experiment, thermo-optical ef-
fect was used to change the refractive index of the fiber (An =
+0.005), and the transverse offset (£3 wm) and angular tilt
(£0.5°) of the lens were artificially manufactured. The re-
sults show that in the face of sudden temperature changes, the
deep reinforcement learning model can restore the coupling ef-
ficiency to more than 92% of the initial value within 3 control
cycles (about 45 ms) by dynamically adjusting the aberration
compensation parameters of the adaptive optics system. When
the intensity of external optical interference reaches 500 W,
the model can still maintain a coupling efficiency of 85% by
relying on the spectral feature recognition mechanism. For the
change of the refractive index of the fiber, the model can auto-
matically correct the wavefront phase distribution to match the
new mode field characteristics, and the efficiency fluctuation is
controlled at £3%. In the scenario of lens misalignment, the re-
inforcement learning strategy based on visual feedback enables
the system to complete realignment within 200 ms, which im-
proves the response speed by 70% compared with traditional
proportional integral differential (PID) control. Comprehen-
sive experiments show that the proposed method can maintain
more than 80% optimization performance under extreme per-
turbations, which verifies its strong robustness.

The energy consumption of the fiber coupling optimization
process is recorded in real time by a power consumption moni-
tor (accuracy £0.1 W), comparing three mainstream technolo-
gies: traditional mechanical alignment (MA), genetic algorithm
(GA)-based optimization, and phase conjugation (PC). Exper-
iments show that the average energy consumption of a single
optimization is 0.85 Wh, which is 63% lower than that of MA
(2.3 Wh), which is attributed to the dynamic closed-loop control
of the adaptive optics system to reduce the energy consumption
of frequent adjustment of mechanical components. Compared
with GA (1.2 Wh), the policy convergence speed of deep re-
inforcement learning is 40% faster, resulting in lower comput-
ing resource usage and 30% lower energy consumption. In the
long-term test of continuous operation for 8 hours, the cumu-
lative energy consumption of this method is 6.8 kWh, which is
28% less than that of PC technology (9.5 kWh), mainly due to
the model’s ability to predict environmental changes and avoid
redundant wavefront correction operations. The energy effi-
ciency ratio (coupling efficiency/energy consumption) analysis
further shows that the proposed method achieves 1.08%/Wh,
which is an average improvement of 55% compared with the
existing technology, confirming that it has significant energy
saving advantages while balancing performance.

3. OPTIMIZATION MODEL THEORY

3.1. Fiber Coupling Efficiency

Single Mode Fiber, with a very thin central glass core, is an op-
tical fiber that only exists in one transmission mode. The cou-
pling efficiency of single-mode fiber, as shown in Equation (1),
is obtained by measuring the ratio of the incident light power
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to the power coupled into the fiber Strehl ratio.

_ L A Mg (r)d?r|”
[ A A* () x[f Mo(r) Mg (r)d*r

(M

In Equation (1), A(r) represents the single-mode fiber mode
field under the Fourier transform; M () represents the incident
light field; * denotes complex conjugation. Because the de-
scription of coupling efficiency in formula (1) is complicated
and difficult to obtain accurately in actual measurement, es-
pecially when it involves complex Fourier transform and light
field superposition, we often use the Strehl ratio to estimate av-
erage coupling efficiency to simplify the processing. Strehl ra-
tio is defined as the ratio of the far-field peak intensity on the
actual beam axis to the peak intensity on an ideal beam axis
with the same power and uniform phase. It is an indicator of
the quality of the distribution of light energy intensity in an op-
tical system.

R, =exp (—03) )
Equation (2) represents the Ji wavefront distortion phase
variance. According to the formula, the phase fluctuations in-
duced by atmospheric turbulence can significantly diminish the
average coupling efficiency of optical fiber transmission, ad-
versely impacting signal quality and energy efficiency in op-
tical communication systems. Advanced algorithms are em-
ployed to optimize coupling efficiency to address this challenge
and maximize system performance. Additionally, precise ad-
justments of beam angles and deformable mirror shapes are im-
plemented to further enhance the efficiency of optical coupling
processes. The method proposed in this paper is a stochastic
parallel gradient optimization algorithm, that is, the gradient
estimation of the control parameters is carried out by using the
change AJ of the measured value of the performance index
and the change Aw of the control parameters. The control pa-
rameters are searched in an iterative gradient descent direction.
Optimize NN control unit variables of the objective function J:

3)

A random disturbance Aw is applied using Equation (3) to
define the amount of change in J. As shown in Equation (4):

AJIJ(U1 +Aur, us+Aus,. ..

uz[ul,...,uj,...,uN}

,UN)
4)
After that, it is subjected to Taylor expansion to obtain Equa-

tion (5):

,un+Aun)—J(u, uz, ...

AJN5J+N 5 Aug

Au, Nm l#néTHAun

)

This paper adopts the bidirectional perturbation method to
improve the gradient estimation accuracy further. In the exper-
iment, when the n-th iteration of the model is carried out, nega-
tivities disturbance u;m) and a gradient disturbance are -l—O':L'nm)
applied to the control variables —ox%m) respectively, and the
changes of the objective function J after the two disturbances
are measured in time. They are recorded as J+ and J —, respec-
tively, and .J is brought into the iterative formula for calcula-
tion again. As shown in Equations (6)—(10), x is the gradient
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estimation magnitude, and +y is the perturbation learning rate

parameter.
AJ = Jt—J- (6)
uy = uff™ —oxi™ )
ub = ul™ 4 oy (™ ®)
Au, = uf +u, = 2JX(m) )
m oy AJ
u Y = =y (10)

3.2. Optimization of Residual Error for Coupling Efficiency

The residual structure is essential in deep reinforcement learn-
ing. Through the residual calculation method of the model, the
model can be better optimized [29]. Equations (11)—(14) are
the parameter update process of the model network. w is the
weighting factor influencing the balance between positive and
negative disturbances. 6 is a tuning variable that determines the
direction of the next update step. K is a scaling coefficient re-
lated to the learning rate in the optimization processes. e is an
error term reflecting discrepancies between predicted and ac-
tual outcomes.

wy = Wi_1 + oy (5(0)1‘,5) (11)
9151) = 9(1)1 + s (5 l)yt) (12)
0 = 012 + oy (5@ <1) (13)
—~ —~ 0 T

@ = Br+ K (0 e+ aq (60, (14)

The gradient matrix of the objective function in Equations
(11)—(14) is shown in Equation (15).

Ayl

do=AJ | Ou? (15)

AuP

Matrix multiplication is the network’s core operation of
residual structure [30]. In the calculation, the gradient explo-
sion may affect the stability of the model due to inaccurate
measurement or suddenly increasing derivative matrix d.. A
common workaround is gradient clipping, limiting the size of
the gradient to avoid problems. Based on the above issues, in
this experiment, to prevent explosion gradient and ensure that
the network model can converge stably in a normal state, the
derivative matrix d. needs to be projected onto a smaller size
before the network model performs gradient backpropagation,
and then clipped and constrained to prevent the occurrence of
gradient explosion. The gradient constraint formula is defined

as follows:
T
de = min (1, h) de (16)
idei
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In formula (16), Th represents the gradient threshold. By
clipping and constraining the gradient, the stability of the train-
ing strategy network and model network can be ensured. The
training algorithm employs the gradient descent method, and its
core goal is to minimize the 6 objective function J (), where
the weight parameter of the model is. The general update for-
mula of the gradient descent method is:

0=0—avVe(0) (17)

Equation (17) in each update iteration, the learning rate « ex-
pressed plays an essential role in each update iteration, which
determines the number of iterations required for the function
to reach the local minimum region during the gradient descent
process. Learning rate « through the mathematical form of
Equation (17), it is given a dynamic update rule, which directly
affects the iterative optimization efficiency and convergence
characteristics of the strategy parameters in the deep reinforce-
ment learning algorithm, so that it can more accurately adjust
the parameter update step of the adaptive optics system in the
process of fiber coupling efficiency optimization and balance
the exploration and utilization capabilities of the algorithm.
The batch gradient descent method update process is shown in
Equations (18)—(20).

0 = 60—aVyJ(x;0) (18)
9t = Ve (u;w,0) 19)
vy = agy + Pug_y (20)

Formulas (18)—(20) represent the momentum [ term coeffi-
cient; o represents the « learning rate; and v, represents the mo-
mentum term, which is obtained by weighting the average op-
eration of the momentum term of the previous time step and the
gradient value of the current time step [31,32]. This weighted
average operation helps to smooth the direction of parameter
update during gradient descent, especially when dealing with
large-scale optimization problems; the momentum term can
help accelerate convergence and reduce oscillation, improving
the efficiency and stability of the optimization algorithm.

4. EXPERIMENTAL VERIFICATIONS

The experiment is carried out in a controlled optical laboratory,
where an experimental setup is established, including an adap-
tive optics system, a high-precision optical fiber coupling plat-
form, and a deep reinforcement learning computing unit with
powerful computing capabilities. In terms of temperature con-
trol, a high-precision constant temperature chamber with an ac-
curacy of £0.1°C is used to simulate different climatic scenar-
ios ranging from cold to warm, and the temperature range is set
between 15°C and 35°C. At low temperatures, such as 15°C,
the thermal expansion coefficient of the optical fiber material
decreases, causing a change in the stress distribution at the in-
terface between the core and the cladding, which affects the
path and mode of light transmission within the optical fiber. At
a high temperature of 35°C, the thermal noise of the material
intensifies, disturbing the distribution of the optical mode field.
Both situations are likely to reduce the optical fiber coupling
efficiency. For humidity regulation, a professional humidity
controller relies on maintaining the relative humidity within
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the range of 30% to 70%. When the humidity is as high as
70%, water vapor is extremely likely to condense on the end
face of the optical fiber, forming a light scattering center and
causing the loss of optical signal energy. When the humid-
ity is as low as 30%, the problem of electrostatic accumula-
tion becomes prominent, interfering with the precise correction
of the wavefront by the adaptive optics system. In terms of
vibration control, the experimental platform is placed on an
air-floating vibration isolation base with a vibration attenua-
tion rate of over 95%, and a controllable vibration source is
introduced to simulate external interference. The vibration in-
tensity is set between 0.1 g and 1 g (g is the acceleration due
to gravity). Low-frequency vibrations (<10 Hz) are likely to
cause micro-bending of the optical fiber, resulting in additional
losses. High-frequency vibrations (>100 Hz) will disrupt the
dynamic balance of wavefront correction, affecting the efficient
coupling of optical signals.

Through experimental observation, the environmental fac-
tors have a significant impact on the optimization of the cou-
pling efficiency. Taking 25°C as the reference temperature, the
deep reinforcement learning model can optimize the coupling
efficiency to 92%. When the temperature deviates to 15°C or
35°C, the model needs to perform an additional 20% of iterative
operations to compensate the thermally induced mismatch of
the mode field, and the final coupling efficiency drops to 88%.
For every 10% increase in humidity, the scattering loss at the
end face of the optical fiber increases by 0.3 dB, and the model
needs to adjust the aberration compensation parameters of the
adaptive optics system in real-time. In high-humidity working
conditions, the optimization time is prolonged by 15%. When
the vibration intensity increases from 0.1g to 1g, the model
needs to significantly increase the control frequency response
from 100 Hz to 500 Hz to dynamically track the wavefront dis-
tortion. Under extreme vibration conditions, the fluctuation
range of the coupling efficiency expands to £8%. To verify the
generalization ability of the deep reinforcement learning model,
extended experiments are carried out. In terms of optical fiber
types, the Corning SMF-28e single-mode optical fiber is se-
lected, with a mode field diameter of 9 um and a test wave-
length of 1550 nm, focusing on verifying the model’s mode
matching optimization ability in a low-mode capacity system.
The OM4-grade multimode optical fiber is used, with a core
diameter of 50 um and a test wavelength of 850 nm, to exam-
ine the model’s ability to regulate the coupling efficiency of
higher-order mode groups. In terms of coupling configurations,
for end-to-end coupling, a standard axial alignment configura-
tion is adopted, and initial misalignment conditions of trans-
verse offset of £5 wm and angular deviation of +1° are set to
test the model’s rapid correction ability. For side coupling, a
micro-prism coupling scheme is used, and a lateral light in-
cident angle adjustment of 0°-30° is introduced to verify the
model’s generalization performance in a non-coaxial coupling
scenario. The experimental results show that under different
optical fiber types and coupling configurations, the average
coupling efficiency of the model is maintained within the range
of 85%—-91%. In the end-to-end coupling of single-mode opti-
cal fibers, the model’s compensation accuracy for transverse
offset reaches 0.1 um, which is 40% higher than that of tra-
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ditional algorithms. The side coupling experiment of multi-
mode optical fibers shows that the model can adaptively ad-
just the phase distribution of the wavefront, increasing the ex-
citation efficiency of higher-order modes by 25%. This fully
confirms that through dynamic strategy adjustment, the deep
reinforcement learning model can effectively adapt to the pa-
rameter changes of the optical fiber system, providing a reli-
able optical fiber coupling efficiency optimization solution for
multi-scenario applications.

This paper uses detailed simulation experiments and applica-
tion analysis based on the proposed optical fiber coupling op-
timization framework combining deep reinforcement learning
and adaptive optics technology. Experimental results show sig-
nificant improvements in the efficiency and stability of the op-
tical fiber coupling system with the proposed method, which is
suitable for diverse optical environments and applications. A
numerical simulation dataset with key parameters (Table 1) is
utilized to validate the model’s feasibility, and its division is
detailed in Table 2. 00

TABLE 1. Sample parameter.

Parameter Value
Image resolution 256 * 256
Imaging system aperture/focal length 6 mm/256 mm
Wavelength 622 nm
The pixel size of the image plane 8 um
Amount of defocus 0.8
Number of images 5

magnitude of wavefront distortion RMS =0.5~1.0

TABLE 2. Dataset statistics table.

Name Number of samples

training set 80000
Validation Set 2500
Test Set 1500

4.1. Analysis of the Influence of Different Factors on the Exper-
iment

Figure 4 provides a comparative analysis that illustrates the dif-
ferent effects of different polarization states on the propagation
modes of light waves in complex media, focusing on their im-
pact on the performance of optical systems. The figure consists
of two main parts: Group A studied scenes characterized by
linearly polarized light, while Group B studied scenes involv-
ing circularly polarized light. Group A illustrates how linear
polarization affects electric field distribution, revealing a direct
correlation between polarization direction and energy transfer
efficiency in different medium regions. On the contrary, Panel
B delved into the behaviour exhibited by circularly polarized
light. Experiments have found that asymmetric interactions
lead to significant differences in propagation speed and angular
momentum, affecting the optical activity observed in birefrin-
gent and chiral materials.
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Figure 5 presents the experimental analysis chart focused on
Signal-to-Noise Ratio (SNR), complemented by insights into
Wavefront Error (WFE). The level of SNR directly affects the
optical system’s accuracy and stability of the transmitted signal.
In optical communication systems, maintaining a high SNR is
crucial because it can effectively reduce the influence of back-
ground noise and improve the sensitivity of signal detection.
Optimizing SNR can effectively enhance the performance of
optical equipment and expand its application range and reliabil-
ity in complex environments. The performance of the optical
system at different noise levels can be evaluated by analyzing
the experimental results under different SNR conditions. Un-
der high SNR conditions, the system can transmit and receive
signals more accurately, significantly reducing error rates and
enhancing the reliability of data transmission.

The study made a clear distinction between simulation re-
sults and experimental data, and compared our model with tra-
ditional methods. From the theoretical simulation level, the at-
tenuation and distortion of optical signals can be comprehen-
sively evaluated by analyzing the propagation characteristics
of light waves at different transmission distances, which can
provide a basis for optimizing the transmission efficiency and
reliability of optical systems. Figure 6 shows the simulation
results of the light wave distance analysis. In terms of experi-
ments, quantitative data divided into two groups of experiments
are provided, namely the influence of technology type on opti-
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cal wave distance and the influence of technology type on fiber
coupling optimization. By analyzing the relationship between
the relative intensity and distance of the light wave in the ex-
perimental data, it is proved that the power of the optical signal
decreases in the extended path, and the attenuation of the light
wave gradually increases with the increase of the transmission
distance. Compared with traditional methods that only rely on
fixed-parameter compensation measures, the model based on
deep reinforcement learning and adaptive optics technology can
take appropriate signal enhancement and compensation mea-
sures more accurately to maintain good communication qual-
ity based on real-time simulation results and experimental data
feedback. For example, optical amplifiers can be used to en-
hance signal strength, and compensation technologies such as
pre-equalizers can be introduced to counteract the attenuation
effect of light waves during transmission, so as to extend the
transmission distance of optical signals, reduce signal distor-
tion, ensure the stability of optical systems in long-distance
transmission, and show better performance and adaptability.

4.2. Analysis of Model Experiment Results

Figure 7 shows the information plane scattering analysis of dif-
ferent deep neural network (DNN) layers in a random network,
with the simulated data values for ScaleNet-56 on the left and
ScaleNet-50 on the right. Simulations show that when training
with stochastic gradient descent (SGD), the learning process is
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divided into two consecutive phases. The first stage is the short-
term Empirical Error Minimization (ERM) phase, in which the
distortion in the simulation decreases rapidly, indicating that
the network is beginning to adapt to the simulated training data.
Then, in the long-term compression stage, the compression ra-
tio of the simulation gradually increases until the network con-
verges to the optimal information theory limit (IB limit), which
shows that the network optimizes the information transmission
efficiency in the simulation learning. The detailed analysis of
the training loss and test loss trends in Figure 8 is supported by
experimental data. During training, experimental data showed
that training loss usually decreased. The test loss reflects the
model’s ability to generalize to unseen data, and the dynamic
characteristics and performance of SGD in deep neural network
training can be derived based on experimental data. Compared
with the traditional methods, the model in this study combines
deep reinforcement learning and adaptive optics technology to
optimize the fiber coupling efficiency more accurately based on
simulation and experimental feedback, showing stronger adapt-
ability and performance advantages.

By calculating the normalized prediction error of CNN-
LSTM in the spatial view and conducting visual analysis, two
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sets of data graphs are shown in Figure 9. In the figure, areas
with lighter colours indicate areas with more accurate predic-
tions. CNN-LSTM can more effectively control prediction er-
rors, keeping the errors in most regions within a range of less
than 0.06. Through visualization results, it can be found that
CNN-LSTM has advantages in prediction accuracy, especially
in spatial views, where it can significantly improve prediction
accuracy.

The study systematically explored the influence of varying
BS switching costs by scaling each BS’s switching cost with
different ratios. This investigation is visually represented in
Figure 10 using a block diagram, which provides a detailed
analysis of the number of active BSs. The diagram includes
statistical measures such as the minor observation, lower quar-
tile, median, upper quartile, and largest observation, depicted
within a box delineated by quartile divisions (shown in blue).
Additionally, mean values of active BS are indicated with green
triangles to provide further insights into the data distribution.
For example, when the switching cost ratio is set to 0.1, indi-
cating minimal concern for switching costs, the beam shaping
system (BSS) mode exhibits frequent changes, resulting in a
wide range of active BS numbers from 26 to 83. Conversely,
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at a switching cost ratio of 1, the system adeptly balances con- BS sleep control system under varying operational scenarios
siderations of switching costs against traffic demand fluctua- and environmental conditions.

tions, ensuring optimal operational patterns without extreme Figure 11 shows that compared to supervised learning and
volatility. This comprehensive analysis illustrates how adjust- machine learning, the method based on deep reinforcement
ing switching costs impacts the behavior and efficiency of the learning and adaptive optics technology provides performance

improvements in all three types of classes. However, most of
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the performance improvements are in unlabeled classes. The
predicted entropy on the test data indicates that for both super-
vised learning methods and machine learning models, predic-
tions may be affected by class types and the amount of labelled
data, while methods based on deep reinforcement learning and
adaptive optics have very constant predicted entropy across all
class types and labelled quantities.

5. CONCLUSION

The research on optical fiber coupling efficiency optimization
based on deep reinforcement learning and adaptive optics tech-
nology has opened up a new way for optical system optimiza-
tion. The efficient optimization of optical fiber coupling sys-
tems in complex environments has been successfully achieved
through the organic combination of deep learning agents and
adaptive optics technology. Several sets of experiments under
different environmental conditions show that the new method
in this paper improves the fiber coupling efficiency by 15% ~
20% on average. In high-noise environments and dynamically
changing optical paths, the optimization framework demon-
strates excellent stability and real-time response capabilities,
ensuring continuous and efficient operation of the system. In
addition, the new method has been verified in various optical
system configurations. The results show that it can significantly
improve the coupling efficiency in multiple configurations and
adapt to different optical parameters and environmental condi-
tions, demonstrating its reliability and adaptability in practical
engineering applications. Optical fiber coupling loop technol-
ogy is used to slow the release of initial signal energy, thereby
extending the rising edge time of the Q-switch and reducing
multi-peak output pulses caused by breakneck Q-switch open-
ing speeds. In this way, the laser pulse with smooth wave-
form is successfully obtained, and the evolution principle of
the pulse time domain in this process is deeply analyzed. Ata
pump power of 5.8 W, the laser achieves a smooth pulse out-
put with an average power of more than 1.2 W, a reduced line
width of 0.07 nm, and a pulse width of 36 ns. Optical fiber cou-
pling optimization research based on deep reinforcement learn-
ing and adaptive optics technology promotes the deep integra-
tion of optical technology and artificial intelligence and pro-
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vides strong support for technological innovation and progress
in related fields. The success of this research will inject new
impetus and direction into the future development of optical
communication, optical sensing, and laser processing.
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