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Lock Acquisition

é 9 Linear scan
L
« By shifting the mirror position or changing the laser
frequency Linear scan
« One peak for each resonance in the optical power.
« Locking means putting the cavity in resonance. \
Resonances L — m —
2
Optical
eser rociescel 'Sgltor " Pound-Drever-Hall (PDH) Technique [1]
A | « Method for obtaining an error signal useful for acquiring lock condition.
: Oscillator
slew* Phase Photodstesion « Zero crossing of the PDH signal for each resonance, so that it's possible
oop
Amplit. = to understand, based on its sign, in which side of the resonance the
Servo loop  Mixer CaVity IS.
- . It works only in the linear regime of the signal Very narrow

[1] “An Introduction to Pound-Drever-Hall laser frequency stabilisation” Eric D. Black, 2001



High Finesse Cavities

f — HO&. [y Linear Scan of a High Finesse Cavity — E[Je;t;‘i‘;;‘;'d magnitude
Lo ? Electric field inside the cavity (m1 ref frame) m2 pos
e . Finesse is an important characteristic of optical cavities.
" L /== 47,74
0 15000 F 5] F F o 2
PDH signal 2 (1 3 T’a’r'b)
« For high finesse cavities shrinks a lot. PDH
technique can be used only here.
15000 20000 FSR
Mirrors positions A .
linewidth = ——

F

« It corresponds to a small percentage of one

15000
time steps

« High Finesse cavities are the ones used within GW detectors to enhance the sensitivity.
« Lock acquisition efficiency becomes crucial.



— Linear Scan of a High Finesse Cavity
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Electric field inside the cavity (m1 ref frame)
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Non Linear Dynamics
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Ring-down Effect

We can use RL to extract info from Non Linear Region,

which corresponds to the ~30% of one FSR.




Why Reinforcement Learning?

Highly suitable in several control tasks and for highly dimensional parameter spaces.

Classic feedback controllers Deep Reinforcement Learning Models

« Assume linear, time-invariant system responses. . Learn a control policy by interacting with the environment.
- Often require manual tuning and do not adapt to . Optimizing performance directly based on a reward function, even in
changing dynamics. the absence of a precise model.



Why Reinforcement Learning?

Highly suitable in several control tasks and for highly dimensional parameter spaces.

Classic feedback controllers (e.g. PID) Deep Reinforcement Learning Models

« Assume linear, time-invariant system responses. . Learn a control policy by interacting with the environment.
- Often require manual tuning and do not adapt to

. Optimizing performance directly based on a reward function, even in
changing dynamics.

the absence of a precise model.

Markov Decision Processes (MDP)

St —— Current state of the environment
a’t — Action chosen by the agent
’I"t — Reward earned by the agent based on the “Online Training"
goodness of state
« Recent works ([2], [3], [4], [5]) with several Machine Learning and St

Reinforcement Learning applications for controlling and alignigning tasks

[2] "A Deep Learning Technique to Control the Non-linear Dynamics of a Gravitational-wave Interferometer” P. Ma, G. Vajente 2023 N V' o N N
[3] "First demonstration of neural sensing and control in a kilometer-scale gravitational wave observatory” N. Mukund et al. 2023 E R M E T
[4] "Interferobot: aligning an optical interferometer by a reinforcement learning agent” D. Sorokin et al. 2021

[5] "Automated alignment of an optical cavity using machine learning” J. Qin et al. 2025
[6] "Improving cosmological reach of a gravitational wave observatory using Deep Loop Shaping"J. Buchli et al. 2025



https://iopscience.iop.org/article/10.1088/1361-6382/ada864
https://iopscience.iop.org/article/10.1088/1361-6382/ada864
https://iopscience.iop.org/article/10.1088/1361-6382/ada864
https://iopscience.iop.org/article/10.1088/1361-6382/ada864
https://iopscience.iop.org/article/10.1088/1361-6382/ada864
https://arxiv.org/abs/2509.14016

Training on Real World?

@ Let's train the model directly on the real set up! Not so fast....

RL needs a lot of tries to learn the optimal policy
through trial and error

Exploration stage

High risk of hardware damage when
training on real set up \

Better to train first on Ll Rl
simulated environment

Time and money commitment



Fast time-domain Simulator

We developed a fast time domain simulator based on the equation of fields from [6].
This equation describes the dynamics of the electric field within the cavity.

Inputs

. .. E(t) = ta ), (rarn)"e = 2k2ul)g =20k ) By (1 — 2nT)+
Mirror Positions - ) L
+(rarp) e N(t)E(t — 2NT)

Calculation Frequency
(Just a the beginning)

)i
(@)

N.B: The cavity is stationary and reactive, once you send an input
the length will change immediately and it will remain in that state
until you will send another shift.

Input Electric Field FEy,(t)

gNg/,LS

[8] "Dynamics of Laser Interferometric Gravitational Wave Detectors" M. Rakhmanov, Phd Thesis, 2000

Outputs
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Fast time-domain Simulator

—— Electric field magnitude

Linear Scan of a High Finesse Cavity ——

Electric field inside the cavity (m1 ref frame) m2 pos
—== ml pos

We are able of
reproducing ring down

for various mirror
velocity in wide range
of cavities.

4000
PDH signal

We are simulating only the longitudinal | 2000
degree of freedom Mirrors positions

o

positions




[9] "Continuous control with deep reinforcement learning” T. P. Lillicrap et al. 2019
[10] “Gymnasium: A Standard Interface for Reinforcement Learning Environments” M. Towers et al. 2024

Agent

DDPG

® Deep Deterministic
Policy Gradient [9]

Simulated Environment implemented with[m]

B () (1) (1)

Reinforcement Learning Framework

10



[7] "Continuous control with deep reinforcement learning” T. P. Lillicrap et al. 2019
[8] “Gymnasium: A Standard Interface for Reinforcement Learning Environments” M. Towers et al. 2024

Agent

% Deep Deterministic
— {wa(t)’ mb(t)} Policy Gradient [9]

Simulated Environment implemented with[m]

B () (1) (1)

L=L+d(t) =L+ (zp(t) — z4(t))

Reinforcement Learning Framework

11



[7] "Continuous control with deep reinforcement learning” T. P. Lillicrap et al. 2019
[8] “Gymnasium: A Standard Interface for Reinforcement Learning Environments” M. Towers et al. 2024

Agent

% Deep Deterministic
— {wa(t)’ mb(t)} Policy Gradient [9]

Simulated Environment implemented with[m]

B () (1) (1)

L=L+dt) =L+ (zp(t) — za(t))
E(t) P()
eppH(t)
fc - Eref(t)
E(t)

Reinforcement Learning Framework
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[7] "Continuous control with deep reinforcement learning” T. P. Lillicrap et al. 2019
[8] “Gymnasium: A Standard Interface for Reinforcement Learning Environments” M. Towers et al. 2024

Agent

% Deep Deterministic
— {wa(t)’ mb(t)} Policy Gradient [9]

Simulated Environment implemented with[m]

B () (1) (1)

L=L+d(t) =L+ (z(t) — za(t)) State
E(t) P(t)
eppH (?)
fc ah Eref(t)
Ein(t)

Reward signals library

Reinforcement Learning Framework r....4



[7] "Continuous control with deep reinforcement learning” T. P. Lillicrap et al. 2019
[8] “Gymnasium: A Standard Interface for Reinforcement Learning Environments” M. Towers et al. 2024

Agent

% Deep Deterministic
— {%a(t), CUb(t)} Policy Gradient [9]

Simulated Environment implemented with[m]

Eat 7 & &5
p— i 11l
L=L+d(t) =L+ (z(t) — za(t)) State
E(t) P(t)
eppH ()
fc h Eref(t)

Reward signals library

Reinforcement Learning Framework r...4



Training and Test

Test of a DDPG model trained for 120000 time-steps.

. Only for the output mirror.

. ~ 2()() time-steps to properly
lock the cavity.

Norm. cavity power

. The agent approaches the
resonance with maximum speed
allowed by the environment

mirror displacement

Input signals

- cavity power
PDH error

800

vmax e SVCI'
v, = 0,4202 um s~!

The agent looks for the resonance and
manages the ringing coming from
approaching the resonance with high speed,
compensating reaching the lock condition.

200 400 600 800
time step

| | |
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PDH error
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Rewards

— reward
power
— PDH sign

FHHHH

800

time step

15

reward factors




HPC Training Sessions g

Global success fraction (mean over cavities)
f €¢=10000, max steps=1000

i I I i l I RecurrentPPO %
raata 'rb,tb E
Different model - o .
ITferent moadels : " : 5. 5
Different cavities Domain Randomization 20
. DDPG
. TD3 * ARM : :
RS A ottt (Linity Fin, signal noise. . . )
NG Run heavy training sessions to find the
l\r ~..\'f';.r _I(][ £ . .
T _ best model-reward configurations for
=

future SimToReal transfer.



Future Steps

Face the Sim2Real transfer problem [11], trying to decrease the reality gap.

1.Finite force
2.Angular displacements
3.Delayed interaction

Optical
Isolator

Pockels Cell

. Integrate the Al framework inside a real control loop
Local
Oscillator

ontrol
gorithm

and actually control an optical cavity.

Phase
Shifter

[11] "Sim-to-Real Transfer in Deep Reinforcement Learning for Robotics: a Survey” Wenshuai Zhao et al. 2021

Photodetector

17



Thanks for your attention!
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Backup

After one round-trip the electric field
is described [Rakhmanov 2000]:

g <>
E@®) = t,E,(t) + rre” 2 D E(t — 2T)
dt) =L+ &) =L+ x,(t — T) — x,(1) . b
After N round-trip:

N—1
B0 =1, 2 (ryry)"e 2% E (1 — 2nT) + (r,r,)Ne > ¥OE(t — 2NT) B ¥

n=0

n—1
S,(H) =Y d(t - 2pT)

p=0 ra ; ta rb : tb



Backup
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DDPG - Lillicrap, T. P, et al. “Continuous Control With
Deep Reinforcement Learning”, 2016.



Backup

NS GNIWN @BV 3.1 25 11s delay,

Real Time DAQ 100 11S

DDPG actor inference in 1.20+ 0.87 ms.

AOR 3 maximum rate of 200 Hz.




Backup

NewReward ActionAware

1
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fine_curiosity_lock_reward_v2
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Modified Guided Lock

_
—
Co

Non Linear Dynamics

Normalized DC Power [-|

0.02 i 06 0.08 0.10 0.12

—— Linear Controller

Guided Lock Impulse

Currently Ring Down effect is

Non optimized
impulse

Actuation Signal [V]

managed by actuating with

maximum force available.

0.00 0.02 .06 0.08
Thime H

[7] "New algorithm for the Guided Lock technique for a high-Finesse optical cavity” D. Bersanetti et al. 2019



Backup
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Backup

Fpp(f) Popt(t)

—Pendulum

| AL L et Radiation pressure

In resonance condition, Fyp(#) will be at its maximum.
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	By shifting the mirror position or changing the laser frequency         Linear scan
	One peak for each resonance in the optical power.
	Locking means putting the cavity in resonance.

	Resonances
	Pound-Drever-Hall (PDH) Technique [1]
	Method for obtaining an error signal useful for acquiring lock condition.
	Zero crossing of the PDH signal for each resonance, so that it’s possible to understand, based on its sign, in which side of the resonance the cavity is.
	It works only in the linear regime of the signal            Very narrow
	[1]  “An Introduction to Pound-Drever-Hall laser frequency stabilisation” Eric D. Black, 2001


	High Finesse cavities are the ones used within GW detectors to enhance the sensitivity.
	Lock acquisition efficiency becomes crucial.
	Highly suitable in several control tasks and for highly dimensional parameter spaces.
	Classic feedback controllers
	Deep Reinforcement Learning Models
	Highly suitable in several control tasks and for highly dimensional parameter spaces.
	Classic feedback controllers (e.g. PID)
	Deep Reinforcement Learning Models
	Assume linear, time-invariant system responses.
	Often require manual tuning and do not adapt to changing dynamics.
	Learn a control policy by interacting with the environment.
	Optimizing performance directly based on a reward function, even in the absence of a precise model.

	Markov Decision Processes (MDP)
	“Online Training”
	Current state of the environment
	Action chosen by the agent
	Reward earned by the agent based on the goodness of state
	Recent works ([2], [3], [4], [5]) with several Machine Learning and Reinforcement Learning applications for controlling and alignigning tasks


	Let’s train the model directly on the real set up!   Not so fast....
	We developed a fast time domain simulator based on the equation of fields from [6].  This equation describes the dynamics of the electric field within the cavity.

	Inputs
	N.B: The cavity is stationary and reactive, once you send an input the length will change immediately and it will remain in that state until you will send another shift.

	Outputs
	Mirror Positions
	Calculation Frequency
	(Just a the beginning)

	Input Electric Field
	[8]  "Dynamics of Laser Interferometric Gravitational Wave Detectors" M. Rakhmanov, Phd Thesis, 2000

	We are able of reproducing ring down for various mirror velocity in wide range of cavities.
	We are simulating only the longitudinal degree of freedom.
	[9]  "Continuous control with deep reinforcement learning" T. P. Lillicrap et al. 2019
	[10]  “Gymnasium: A Standard Interface for Reinforcement Learning Environments” M. Towers et al. 2024

	Agent
	DDPG

	Simulated Environment
	Implemented with                           [10]
	[7]  "Continuous control with deep reinforcement learning" T. P. Lillicrap et al. 2019
	[8]  “Gymnasium: A Standard Interface for Reinforcement Learning Environments” M. Towers et al. 2024


	Action
	Simulated Environment
	Agent
	DDPG
	Implemented with                           [10]
	[7]  "Continuous control with deep reinforcement learning" T. P. Lillicrap et al. 2019
	[8]  “Gymnasium: A Standard Interface for Reinforcement Learning Environments” M. Towers et al. 2024



	Action
	Simulated Environment
	nspy

	Agent
	DDPG
	Implemented with                           [10]
	[7]  "Continuous control with deep reinforcement learning" T. P. Lillicrap et al. 2019
	[8]  “Gymnasium: A Standard Interface for Reinforcement Learning Environments” M. Towers et al. 2024



	Action
	Simulated Environment
	nspy

	Agent
	DDPG
	Implemented with                           [10]


	State
	Reward signals library

	Reward
	[7]  "Continuous control with deep reinforcement learning" T. P. Lillicrap et al. 2019
	[8]  “Gymnasium: A Standard Interface for Reinforcement Learning Environments” M. Towers et al. 2024

	Action
	Simulated Environment
	nspy

	Agent
	Reward signals library

	Reward
	DDPG
	Implemented with                           [10]


	State
	Test of a DDPG model trained for 120000 time-steps.
	PRELIMINARY RESULTS
	Only for the output mirror.
	time-steps to properly lock the cavity.
	The agent approaches the resonance with maximum speed allowed by the environment
	Different models
	Different cavities
	Domain Randomization

	HPC Infrastructures


	KEY BENEFIT
	Run heavy training sessions to find the best model–reward configurations for future SimToReal transfer.
	Face the Sim2Real transfer problem [11], trying to decrease the reality gap.
	Finite force
	Angular displacements
	Delayed interaction
	Integrate the AI framework inside a real control loop and actually control an optical cavity.
	DAQ
	Currently Ring Down effect is managed by actuating with maximum force available.


