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Abstract

This study applies an effective methodology based on Reinforcement Learning to a control system.
Using the Pound—Drever—Hall locking scheme, we match the wavelength of a controlled laser to the
length of a Fabry-Pérot cavity such that the cavity length is an exact integer multiple of the laser
wavelength. Typically, long-term drift of the cavity length and laser wavelength exceeds the
dynamic range of this control if only the laser’s piezoelectric transducer is actuated, so the same
error signal also controls the temperature of the laser crystal. In this work, we instead implement
this feedback control grounded on Q-Learning. Our system learns in real-time, eschewing reliance
on historical data, and exhibits adaptability to system variations post-training. This adaptive
quality ensures continuous updates to the learning agent. This innovative approach maintains lock
for eight days on average.

1. Introduction

Reinforcement Learning (RL) algorithms [1] have emerged as a pivotal force reshaping the scientific
landscape by offering unprecedented capabilities to learn optimal actions leading to eventual success in
uncharted environments, all without the need for external supervision. This transformative paradigm has
found application across a spectrum of domains, ranging from self-driving cars (2, 3], industrial
automation [4, 5], trading and finance [6], healthcare [7], gaming [8, 9], to the intricacies of optics [10—12].

Previous works utilizing RL in optics have primarily focused on the alignment of mirrors and waveplate
angles. [13, 14]. In this work, we align optics manually and begin with well-aligned system components. The
laser wavelength is matched to the Fabry—Pérot cavity length using a Pound—Drever—Hall (PDH) lock [15,
16]. At this resonance condition, power builds up inside the cavity. The wavelength of the laser light depends
on the physical size of the laser’s crystal. This is controlled in two ways: a high-bandwidth,
low-dynamic-range control of the laser crystal’ s shape with a piezo crystal [17, 18]; and a low-bandwidth,
high-dynamic-range control of its temperature [19-21]. Fast (piezo) actuation of the laser wavelength has
sufficient bandwidth to suppress most environmental noises and maintain lock between the laser and cavity.
However, the fast actuator has a limited dynamic range, so slow (temperature) actuation is necessary for
longer duration experiments [22].

The cavity operates in three modes throughout the RL process.

(i) Acquiring lock. This is done initially and repeated when the system loses the lock. This procedure is
described in section 2.3
(ii) Training the Q-Learning agent (section 2.4). A Q-Learning agent is trained to operate the slow control.
(iii) Operating with the Q-Learning agent (section 3.2). The trained agent is tested to maintain lock using
the best actions it learnt.

Our goal is to use Q-Learning for the Red Pitaya’s analog output, which controls the laser crystal
temperature. This large dynamic range control of laser wavelength allows stable lock maintenance.

© 2024 The Author(s). Published by IOP Publishing Ltd
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In section 2, we provide a comprehensive overview of our experimental setup, detailing the optical
system configuration, the Red Pitaya connection, and the RL paradigm employed. Additionally, we present a
detailed account of the integration process within our system. In section 3, we present the outcomes of our
experiments along with a thorough discussion of the findings. Finally, our conclusions are outlined in
section 4.

2. Materials & methods

In this section, we detail the configuration of the optical setup and outline the implementation of our
methodological modes. The initial step is to achieve the PDH lock [23], which necessitates setting the crystal’s
temperature such that a TEMy, mode [24] of the optical cavity lies within the wavelength range accessible by
actuating the laser’s piezo. To facilitate this, we devised a software-based approach spanning from an initial
temperature to an endpoint, systematically checking for the presence of the desired mode. Upon successful
detection, the PDH lock [23] is executed. After lock acquisition, we tested two ways to operate on the slow
output: 1) keep the crystal’ s temperature set at the point where the TEMyy mode appeared (we called this
method baseline); 2) exploit Q-Learning [25] to change the temperature by small, predefined variations.

2.1. Optical setup

The optical setup was built at the CryoModule Test Facility (CMTF) at Fermilab and is shown in figure 1. We
employed a 2 W Mephisto laser and used a highly reflective mirror and a beam stop to limit the power
propagating towards the phase modulator and Faraday isolator to approximately 65 mW. After attenuating
the power, a lens focuses the beam so it is substantially smaller than the phase modulator’s 2 mm aperture.
The phase modulator interfaces with a 25 MHz RF signal from the Red Pitaya and produces phase
modulation sidebands on the laser light at this frequency. Another lens refocuses the laser beam and places a
waist in the center of the Faraday. Between the lens and Faraday, a pair of A\/4 and \/2 waveplates adjust the
light’s polarization to optimize the power transmitted through the Faraday isolator. Residual polarization
mismatches result in 5 mW of light in the rejected polarization, which is dumped on a beam stop.

The remaining light reflects off of a pair of steering mirrors is strategically placed roughly 90 degrees
apart in Gouy phase [26]. Three mode-matching lenses follow, aligning the incident laser beam’s mode with
the optical cavity’s fundamental TEMy, mode. A camera and photodetector (PD) are used to monitor light
transmitted by the cavity. These instruments facilitate alignment tuning and allow adjustments to the laser’s
temperature to ensure that the TEMy mode falls within the frequency adjustment range of the laser’s
piezo-actuated, fast frequency control. The light reflected from the cavity goes back towards the
mode-matching lenses and alignment mirrors and interacts with the circulator (Faraday isolator). The
circulator reflects the returning beam, which is then focused through a lens and detected with a fast (125
MHz) photodetector, PDref. The photodetector’s radio frequency (RF) output signal is sent to the Red
Pitaya.

2.2. Red pitaya board

A Red Pitaya STEMlab 125-14 digitizer board was used to control the PDH lock acquisition, lock
maintenance, and laser crystal temperature. The board has two RF inputs and RF outputs and four analog
inputs and outputs, but we made use of only one analog output as described below (figure 2 summarizes the
configuration):

(i) RF Input 1 is the photodetector’s output, which measures the beam reflected by the optical cavity. This
signal contains the PDH error signal on top of a 25 MHz carrier frequency. To recover the error signal,
the signal on input 1 is demodulated at the 25 MHz carrier frequency.

(ii) RF Input 2 is the optical cavity’s transmitted power measured on the photodetector PDcav.

(iii) RF Output 1 goes to the laser’s fast frequency actuator for fast control and to the oscilloscope to
monitor this signal. This output is generated by the demodulated PDH error signal from input 1 fed to
a Proportional-Integral-Derivative (PID) block in the Red Pitaya, which converts the error signal into a
control signal. The implemented PID controller uses only an integrator, i.e. there are no proportional
or differentiation parts. Since the actuator accepts signals between —100 V and +100 V* and the range
of the Red Pitaya is between —1 V and +1 V, we send Output 1 to a Piezo driver with a 100x
amplification factor.

4 For reference check page 5 in the Mephisto Laser documentation, downloadable here https://wiki.nikhef.nl/gravwav/images/6/6f/
Innolight_Mephisto_Laser.pdf.
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Figure 2. Red Pitaya’s inputs and outputs configuration schema. The Q-Learning agent takes two inputs: the signal coming from
the PID block, which is used as state, and the voltage from PDcav, used for checking lock and for rewarding the agent during
training.

(iv) RF Output 2 is a 25 MHz RF signal with a 2 V peak-to-peak amplitude. This output is amplified by a
high-power RF amplifier, powered by an external +24 V power supply, before going to the phase
modulator, which imprints phase modulation sidebands on the laser beam at this frequency for the
PDH lock.

(v) Analog Output 0 is used to control the temperature of the laser crystal, and it is connected to the rear

panel of the Mephisto control electronic unit. For each increment of 0.01 V, the temperature increases
1° C.

The Red Pitaya was programmed using the Python language and the Pyrpl library".

5 https://pyrpl.readthedocs.io/en/latest/.
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Algorithm 1. Scanning Temperature.

1: procedure SCANTEMPERATURE(e = 1000)

2:  for iin NP.ARANGE(0, 0.3, 0.00 025)do

3 SETDAC2i

4: _,input2 <— ORDERSCOPE TRACE (self)

5: half_trace < INT (input2.shape[0]/2)

6: input2_peak_idx < NP.WHERE (input2 == input2.max)
7 input2_peak_idx < input2_peak_idx[0][0]

8: if half_trace — € < input2_peak_idx < half trace + € and input2.max > 0.95
then
9: Return True

10: end if

11:  endfor

12:  Return False

13: end procedure

2.3. Software automatic lock

Our objective is to manipulate the laser crystal’s temperature using the Red Pitaya, thereby modifying the
laser’s wavelength to find a TEM, mode. To attain this goal, it is crucial to employ procedures capable of
autonomously identifying the optimal mode by scanning through a range of temperatures. Simultaneously, a
distinct procedure is necessary to establish and maintain the cavity lock, with subsequent checks to ensure its
stability, supported by detailed analyses. These two critical tasks are outlined in the following paragraphs.

2.3.1. Initial temperature discovery

Determining the precise temperature alignment corresponding to the TEMy, mode can be done by manually
adjusting the Mephisto’s laser control and watching the traces on the oscilloscope. We automated this process
as follows, with the ‘Scanning Temperature’ algorithm. This automated method initializes the temperature at
22° C and invokes a computational routine outlined in algorithm 1. In essence, the Red Pitaya device
generates a progressively increasing voltage through its slow analog output channel. With each incremental
voltage adjustment, accomplished by setting the DAC2 value, i.e. Digital-to-Analog Converter Number 2, of
the Red Pitaya, a data acquisition is performed, capturing two critical parameters: the signal received from
the PDcav and the voltage applied to the laser’s rapid frequency tuning port (i.e. RF Output 1). The
nomenclature orderedScopeTrace aptly describes this method because it acquires a scope trace and
subsequently restructures the data to ensure that the voltage ramp exhibits continuous progression without
abrupt discontinuities, thereby positioning the trace’s midpoint at the center of the voltage ramp. The
algorithm exclusively relies on the input?2 signal, discerning its peak position to determine the termination
condition of the iteration. If the peak occurs approximately at the midpoint of the ramp, within a specified
tolerance threshold denoted as ¢, the algorithm concludes, yielding a True result. In this case, PDH lock [23]
can be performed to lock the cavity. Conversely, if the peak lies outside this central range, the algorithm
continues to increment the voltage value, augmenting it by a fixed increment of 0.00 025 V. If the voltage
value reaches 0.3 V without satisfying the termination criterion, the algorithm exits the loop and returns
False. In such cases, the procedure entails a restart.

2.3.2. Automatic (re)lock

One straightforward approach to establishing lock and reestablishing it when it is lost is to execute
Algorithm 1 each time the lock is disengaged. This procedure is elaborated upon in Algorithm 2, which keeps
the system as described in figure 2 but does not employ the Q-Learning agent. It functions as follows:

(i) Initially, the Red Pitaya’s outputs are reset, and the fast input is configured to produce a ramp signal by
invoking the function RampPiezo, as described in Algorithm 3. This function sets the Arbitrary Signal
Generator module 0 (ASGO) output of the Red Pitaya to a ramp waveform with the specified frequency,
designed to be slow enough so the system responds accurately and fast enough that there are not
significant changes during a scan (256 is the decimation factor), and the ‘quadrature I’ and ‘quadrature
Q’ low-pass filter 0’ (IQO) to a quadrature signal in accordance with the input phase.

(i) The ScanTemperature function is called, and if it returns True, signifying the successful identification
of the correct mode, a 10 s waiting period is initiated. This waiting period serves two crucial purposes:
firstly, it allows for more stable temperature conditions to be established within the crystal, and
secondly, it enables the centering of the peak of the PDcav signal on the center of the ramp. The

4
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Algorithm 2. Automatic Relock Function.

1: procedure AUTORELOCK

2 RESET

3 RAMPPIEZO

4:  if SCANTEMPERATURE(500) then

5: SLEEP(10)

6: LockCaviTy

7 while True do

8 SLEEP(10)

9: fast_outl,input2 <— Scope
10: if Max(input2) < 0.95 then
11: Break
12: end if
13: end while
14: endif

15:  AUTORELOCK
16: end procedure

Algorithm 3. Ramping the Piezo.

1: procedure RaMPPIEZO(phase = 15)

2:  ReseT(self)

3:  ScanNPiEzo(freq = 1/(8E — 9% (2 x x14) % 256))
4:  seTIQO(phase = phase)

5: end procedure

centering process is facilitated by monitoring the cavity’s transmitted optical power. Through careful
observation using a cavity transmission camera, it was discovered that a TEMy, mode is achieved when
the voltage on the cavity transmission photodetector, PDcav, exceeds 0.95 V.

(iii) Subsequently, the cavity is locked using the PDH technique [23].

(iv) Atintervals of 10 s, the lock status is monitored by analyzing the voltage level of input2.

We denoted this process as our ‘baseline’ because it represents the most straightforward method to
acquire lock. This is attributed to the fact that no further action is executed following the LockCavity
function. In cases where conditions remain stable, the outlined approach proves adequate for locking a laser
to a cavity. However, real-world scenarios often involve long term drifts that exceed the fast frequency
actuator’s dynamic range. For example, in this system, temperature variations in the room change the
physical length of the cavity, which can be beyond the dynamic range of the fast control. This is usually
handled by applying a frequency-domain filter to the PDH error signal and sending the resulting signal to
the laser’s slow wavelength control. This implementation replaces the standard technique with a Q-Learning
agent.

2.4. Q-Learning

Q-Learning [25] stands out as an off-policy Temporal Difference (TD) [27] algorithm, within the realm of
RL, designed to ascertain an optimal policy for an agent navigating its environment. TD methods exhibit a
unique capability to glean insights directly from raw experiential data, obviating the need for a predefined
model of the environment’s dynamics. This distinguishes them from approaches such as Monte Carlo [28],
as TD methods update their estimates by leveraging information from other learned estimates, allowing for a
form of bootstrapping. This characteristic proves advantageous, particularly in scenarios with extended
episodes, such as our experimental setup, where waiting until the episode’s end for learning is impractical
and hampers efficiency. In the case of Q-Learning, the estimation is encapsulated by the action-value
function Q. Notably, this function directly approximates the optimal action-value function, irrespective of
the specific policy being pursued, hence its classification as an off-policy algorithm. The action-value
function in Q-Learning undergoes updates according to the following formula:

Q(5,0) ¢ Q(s,a) + a (Rey1 +7maxQ(Sp11,0) ~ Q(s,a) ) ()

5
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Algorithm 4. General Q-Learning.

1: Parameters: « € (0,1), small e >0

2: Initialize Q(s,a), Vs € ST, a € A(s), arbitrarily except that Q(terminal,-) =0
3: for each episode do

4:  Initialize S

5:  for each step of episode do
6: Choose A from S using policy derived from Q (e.g. e-greedy)
7: Take action A, observe R, Sty
8: Q(s,a) < Q(s,a) + a[Ri41 + ymax, Q(Se41,a) — Q(s,a)]
9: S+ St+1
10:  end for
11: end for

where s represents the current state of the environment, a denotes the action taken by the agent in that state,
R, signify the reward received for executing that action in the given state, and S, ; stand for the subsequent
state following s. The parameters a and 7y correspond to the learning rate and discount factor, respectively.
These parameters play a pivotal role in the agent’s decision-making process, as & governs the rate at which
the agent incorporates new information into its understanding of the environment, while v influences the
discounting of future rewards. Higher values of v give more weight to future rewards, thereby encouraging
the agent to prioritize long-term gains in its decision-making.

The policy still has an effect in that it determines which state—action pairs are visited and updated.
However, all that is required for correct convergence is that all pairs continue to be updated, e.g. taking
advantage of an e-greedy strategy [29]. The procedure is described in Algorithm 4.

Adapting the approach to our specific case necessitated the precise definition of our states and actions.
The voltage values obtained from the PDcav fall within the range of —1 to +1 volts. To facilitate the
utilization of Q-Learning, we discretized this voltage range into intervals of 0.1 volts, yielding a total of 21
distinct states. Similarly, the temperature underwent a similar treatment, with a set of actions defined for the
slow analog input. These actions induced temperature changes in increments ranging from -0.001 V to
0.001 V, with a step size of 0.0005 V, resulting in a total of 5 actions. In addition to defining states and actions,
other crucial parameters were established. o was set to 0.4, while the discount factor, represented as -y, was
assigned a value of 0.99. To balance exploration and exploitation, an e-greedy policy was adopted. Initially, e
was set to 0.7 to favor exploration, but after 1000 episodes, it was adjusted to 0.3. We define an episode from
the moment the system undergoes lock to the unlock.

We defined the reward system such that a value of 1 was assigned for each time step during which the
system successfully maintained lock. Conversely, if the lock was not sustained, the reward was set to 0,
indicating the conclusion of the episode and necessitating a restart. This intricate process involves the
iterative search for the initial temperature for the TEMg, mode, the execution of the PDH lock [23], and the
application of the Q-Learning algorithm to ensure the ongoing maintenance of lock. For a comprehensive
understanding of the procedure, Algorithm 5 provides a detailed overview. Essentially, it incorporates the
Q-Learning technique into Algorithm 2. The test parameter is a Boolean that regularizes the agent’s
configuration parameters to be exclusively greedy.

3. Results & discussion

3.1. Software lock maintenance (baseline)

To appraise the efficacy of the baseline approach, our experimental setup involved running the code for an
approximate period of 18 h. Within this timeframe, the system lost and restablished lock 32 times. Notably,
the locks were successfully maintained for an average duration of half an hour, ranging from a minimum of
10s to a maximum of 2 h and 4 min. This demonstrated that we needed additional control to maintain lock
for a longer period.

The behavior of the RF Output 1 signal is depicted in figure 3. It is evident from the illustration that
deviations in voltage beyond certain thresholds result in the loss of lock. Specifically, when the signal drifts
towards excessively high voltage values, exceeding 0.75 V, or too low, reaching approximately —0.4 V, lock is
lost. This observation suggests that optimal performance is achieved when the signal hovers around its
operational mean value, minimizing deviations. Notably, lock is consistently maintained during periods
when the signal remains close to the mean value, emphasizing the importance of maintaining proximity to
the optimal operating range.
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Algorithm 5. Q-Learning.

1: procedure QLEARNING(episode)
2:  while episode < MAX_EPISODE do
3 if episode = = 1000 and not test then
4: €e=.3
5: end if
6: RESET
7 RAMPPIEZO
8 if ScanTemperature(500) then
9: Sleep(10) & LockCavity
10: systemUnlock <— False
11: fast_out1,_ <— SCOPE
12: state <— STATEINDEX( fast_out1)
13: while do
14: SLEEP(1)
15: if RAND < € and not test then
16: action <— RANDOMCHOISE(Actions)
17: else
18: action <— ARGMax(Q[state, :])
19: end if
20: SETDAC2(currentDAC2 + action)
21: Steep(0.1)
22: fast_outl, input2 <— SCOPE
23: reward < 1
24: if Max(input2) < 0.95 then:
25: systemUnlock <— True
26: reward <— 0
27: end if
28: nextState <— STATEINDEX( fast_out1)
29: if not test then
30: maxNextQ < Max(Q[nextState, :])
31: update Q
32: end if
33: state <— nextState
34: if systemUnlock then
35: break
36: end if
37 end while
38: end if
39:  end while

40: end procedure

3.2. Q-Learning training and testing
Our Q-Learning agent underwent an initial training phase on a CPU consisting of 5000 episodes, lasting for a
total of approximately 5 days, during which the algorithm iteratively refined the Q-matrix in real-time while
the laser was active. Throughout this process, the agent strategically explored various actions, occasionally
resorting to random selections to assess its efficacy over the long term. Although this approach resulted in
intermittent loss of stability due to suboptimal choices, it ultimately facilitated the learning agent’s ability to
discern and avoid unfavorable actions in specific states. In figure 4, we present a visual representation of four
episodes during the training period. Notably, the RF Output 1 exhibits frequent fluctuations between high
and low values. The mean voltage of RF Output 1 throughout the training phase was approximately 0.297 V.
Following the successful training of our Q-Learning agent, we subjected it to thorough testing by
deploying a purely greedy strategy, where it prioritized actions with higher values in the action-value matrix
corresponding to specific states. During the testing phase, the agent displayed remarkable performance,
consistently maintaining a prolonged state of lock for 136 times longer than the previous case. For the most
extended test run, we closely monitored the RF Output signal 1 of the Red Pitaya, with figure 5 depicting a
part of the signal dynamics from the longest episode lasting approximately 12 days. The mean signal value
throughout this extended period was 0.321 V. Figure 5 clearly illustrates that the agent’s actions strategically
steered the signal toward the mean value, effectively avoiding lock-loss states. This observation was consistent
across various runs.
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Figure 3. Visualization of RF output 1 signal during the testing phase of the software lock (baseline). Unlock events are marked by
black vertical lines. The horizontal green line indicates the mean value. The x-axis indicates a counter for when the system takes a
scope, which is done every 10 s.
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Figure 4. Visualization of RF output 1 (rapid signal) across 5 training episodes, showcasing diverse actions at each time step
through distinct colors. Unlock events are marked by black vertical lines. The x-axis indicates a counter for when the system takes
a scope trace, which is done every 1.1 s.

In-depth analysis of the agent’s behavior during the extended episode is detailed in table 1, providing
insights into the frequency of each action taken. In instances when the voltage exhibited fluctuations of less
than 30mV and the agent refrained from taking action, we categorize the agent behavior as ‘stable’ Agent
actions that yield a >3mV increase in voltage are classified as ‘positive, and agent actions that yield a >3mV
decrease in voltage are categorized as ‘negative. Notably, even in the absence of overt actions, the signal
displayed a subtle decreasing trend, likely attributed to environmental factors. Fluctuations in ambient light
or interference from external sources may have influenced the signal received by the photodetector.

The relationship between action and rapid signal changes is examined in table 1 by considering all
actions executed during the testing phase, encompassing all testing episodes. An intriguing aspect emerged in
the infrequent utilization of the action involving a 2.5 mV change. Examination of the Q-matrix revealed
that this specific action was selectively executed when the signal fell within the —20 mV to —10 mV ranges,
providing additional context to the agent’s decision-making process and its nuanced response to specific
signal conditions. This comprehensive analysis underscores the effectiveness and reliability of the trained
Q-Learning agent in maintaining a long-lasting-lock state. In table 2, we present differences in lock time

8
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Figure 5. A segment of the RF Output Signal 1 of the Red Pitaya from the longest run during the testing phase. The dots denote
the actions executed by the Q-Learning agent at distinct time points f, determined by the state s; of the signal. The x-axis indicates
a counter for when the system takes a scope, which is done every 1.1 s.

Table 1. The relationship between action and rapid signal changes is examined by considering all actions executed during the testing
phase, encompassing all testing episodes. Average and standard deviation voltages are computed as the mean and standard deviation of
voltage differences (s;4-1 — s;) for each action. In the ‘stable’ category, fluctuations are values < 30 mV. An increase happens when s,
exceeds s; by > 3 mV, and vice versa for a decrease.

Action (mV) Increase Stable Decrease Avg (V) Std (V)

-5 79191 19009 130113 -0.016 606 0.10763
-2.5 58470 72116 88633 —0.02 504 0.06 991
0 18238 178 888 38696 -0.01 149 0.03 380
2.5 2 0 1 0.01859 0.05003
5 168787 32582 135472 0.03 485 0.10916

Table 2. Comparison of execution times between the baseline method, where the temperature is fixed at the value used during PDH
lock, and Q-Learning. We present average (left column), minimum (central column) and maximum (right column) lock duration of the
baseline and Q-Learning methods. The baseline method ran for 18.5 h, and the Q-Learning method ran for two weeks.

Average (s) Minimum (s) Maximum (s)
Baseline 2087.64 10.08 7437.11
Q-Learning 686 820.06 179730.63 1014 133.55

duration between our Q-Learning agent and the natural lock condition exhibited in the software automatic
lock section. The baseline model demonstrated an average duration of 2087.64 s, equivalent to 34 min and 47
s, with a peak duration of 7437.11 s, corresponding to 124 minutes. Regrettably, due to its inherent
instabilities, the baseline model exhibited a minimal lock duration of a mere 10 s. Conversely, the Q-Learning
approach revealed a minimum lock duration of 179 730.63 s (approximately 2 days), underscoring its
robustness and commendable performance. Notably, the average duration is remarkably impressive,
showcasing 686 820.06 (approximately 8 days), with a maximum duration of 1014 133.55 (approximately 12
days). This highlights the efficacy of the Q-Learning approach as a superior strategy compared to the
baseline, which lacks the benefits of RL.

4, Conclusion

In this study, we presented a novel methodology utilizing Q-Learning to sustain lock a PDH lock between a
laser and an optical cavity, leveraging the Red Pitaya as a crucial interface between the laser system and our
intelligent learning agent. Additionally, we introduced a software-based approach, harnessing the
oscilloscope capabilities of the Red Pitaya board, for the recognition of the TEM, Gaussian mode. Our
investigation focused on the efficacy of the trained RL agent in enhancing lock maintenance over the natural
course, during which laser parameters are traditionally fixed post-PDH lock. Our results vividly demonstrate
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a substantial improvement in the duration of stable lock on the TEMy, mode, with an impressive increase
from an average of 34 minutes to an outstanding eight days.

Importantly, our system exhibits the capability to learn in real-time while the laser is operational,
capitalizing on the principles of Q-Learning—a Temporal-Difference method. The adaptive nature of our
model ensures continuous improvement with each action undertaken by the agent-controlled Red Pitaya.
Notably, the training process is seamlessly executed on a standard CPU, thanks to the simplicity of the update
rule, which relies solely on efficient matrix multiplications. Given the simplicity of the method and resources
required, we find this solution practical and scalable.

This technique holds paramount significance in high-sensitivity physics experiments. These experiments
demand exceptionally stable conditions, particularly when grappling with the inherent challenge of
managing small fluctuations in the emitted light from a laser source. Conversely, the light emanating from
the cavity post-lock exhibits enhanced stability [30]. Consequently, the meticulous processes of establishing
and maintaining the lock emerge as pivotal aspects in experiments of great precision, such as those focused
on the detection of gravitational waves [31, 32]. This research was conducted within the scope of the Gravity
from the Quantum Entanglement of Space-Time (GQuEST) experiment [33]. The primary objective of
GQUuEST is to enhance sensitivity beyond the conventional quantum limit by precisely counting individual
photons, the fundamental energy packets constituting light.

Given its remarkable ability to swiftly adapt to evolving conditions and its facile training process, the
presented model stands as a significant advancement in the realm of maintaining lock in optical systems. We
posit that our approach serves as a foundational model, paving the way for further developments in
enhancing the stability and performance of optical systems through intelligent learning agents.
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