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RL related talks in ML4QT2

2nd Workshop “Machine Learning for Quantum Technology” - SCHEDULE

WEDNESDAY, NOV. 6

THURSDAY, NOV. 7

FRIDAY, NOV. 8

9:00 - 9:30

Registration + opening remarks

Registration

Registration

9:30-10:05

Eliska Greplova
Autonomous Quantum Control in the age of Al

Monika Aidelsburger
Quantum many-body systems under the microscope

Provable exponential quantum advantages in learning from classical data

Vedran Dunjko

10:05-10:40

Anton Frisk Kockum
Quantum state and process tomography with machine learning and gradient descent

Simon Trebst
Decoding many-body teleportation

Hans Briegel
Towards explainable Al in quantum science

10:40 - 10:55

Martin Garttner
Machine learning assisted quantum simulator readout

Yue Ban
Neural-network-assisted parameter estimation for quantum detection

Unveiling quantum phase transitions from traps in variational quantum algorithms

Chenfeng Cao

10:55-11:20

Coffee break

11:20-11:55

Giuseppe Carleo

Neural quantum states for many-body electronic structure and dynamics

11:55-12:30

Annabelle Bohrdt

Trying to solve quantum many-body problems with neural networks

Markus Schmitt
(Neural) network representations of many-body wave functions

12:30-12:45

Maximilian Prifer
Physics-inspired machine learning models and optimal control for quantum experiments

Dario Poletti
Paths towards time evolution with larger neural-network quantum states

12:45 - 13:00

Petr Zapletal

Error-tolerant quantum convolutional neural networks for symmetry-protected topological phases

14:30 - 15:05

Gorka Mufioz-Gil
Representation learning reaches the lab: let machines act!

Quantum Equilibrium Propagation for efficient training of quantum systems based on Onsager reciprocity

Clara Wanjura

15:05 - 15:40

Roger Melko Jonas Schuff
Language Models for Quantum Simulation Autonomous tuning of spin qubits
Markus Heyl Christof Weitenberg

Solving 2D quantum matter with neural quantum states

Machine learning and ultracold quantum gases

15:40 - 15:55

Maciej Koch-Janusz

Analyzing and constructing efficient data encoding quantum circuits

Learning the dynamics of Markovian open quantum systems from experimental data

Cristian Bonato

Closing remarks

15:55-16:20

16:20-16:35

16:35-17:10

Mats Granath
Graph neural network based decoders for quantum error correcting codes

17:10-18:00

e el s

From 18:00

Poster session A (including dinner)

Coffee break

Mario Krenn

Towards an Artificial Muse for new ideas in Science

T

Poster session B (inciuding dinner)

LEGEND
Invited talk (30'+5" Q&A)

Contributed talk (12'+3"' Q&A)

Marin Bukov
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Outline »

Part 1

* Reinforcement learning (RL) in quantum physics

> RL as a branch of machine learning

* Applications of RL

> hallmark applications of RL

> applications in quantum technologies

e RL framework in a nutshell

> environment, states, actions, rewards

> RL algorithms

Marin Bukov MPI-PKS



Outline »

Part 2

e RL for qubit state preparation

> effect of noise (measurement shot noise, coherent, incoherent noise)

e experimentally friendly RL framework
> partially observable environments

> environment, states, actions, rewards

Marin Bukov MPI-PKS
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Part 1

* Reinforcement learning (RL) in quantum physics

> RL as a branch of machine learning

Marin Bukov MPI-PKS
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Supervised Learning
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> learning from examples

(labeled data)

MPI-PKS



Supervised Learning
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Marin Bukov Mehta, MB,..., Phys. Reports ’19 MPI-PKS



Supervised Learning
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Marin Bukov Carrasquilla & Melko, Nat. Phys. 2017, v. Nieuwenburg et al, Nat Phys. 2017 +  many more MPI-PKS
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Unsupervised Learning
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Marin Bukov Carleo and Troyer, Science 2017 Schmitt and Heyl, PRL 2020 + many more MPI-PKS



Reinforcement Learning

Real-Time

e Game Al
Decisions
Reinforcement
Learning
. Ro!:ot Skill Acquisition
Navigation

Learning Tasks

> learning from experience

RL entails interactive dynamics

x‘f 5

image: Canine Journal
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What is reinforcement learning used for?

Mastering the game of Go with deep Mastering video games (StarCraft Il)
neural networks and tree search : (@pemesisr =

00:10 - ‘

\'J_‘ Iv r » o

Silver, et. al, Nature 529 484-489 (2016) Vinyals, et. al, Nature 350 (2019)

Marin Bukov MPI-PKS



What is reinforcement learning used for?

Mastering the game of Go with deep Mastering video games (StarCraft Il)

neural networks and tree search

|
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Silver, et. al, Nature 529 484-489 (2016) Vinyals, et. al, Nature 350 (2019)

Magnetic control of
tokamak plasmas thru deep RL
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Degrave, et. al, Nature 602 414-419 (2022)
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> learning distribution @ - | > |learning from examples
that generates data | (labeled data)
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> learning from experience
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> learning distribution
that generates data
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Part 1

e Applications of RL

> hallmark applications of RL

> applications in quantum technologies

Marin Bukov MPI-PKS



Reinforcement learning (RL) in a nutshell

actions:
{to fetch, not to fetch}

chooses action a,
A

feedback loop

Vwreward V

observes state s,

environment

Marin Bukov Sutton and Barto, Reinforcement Learning: an Introduction, MIT press MPI-PKS (Dresden)



Applications of RL in Quantum Physics

e quantum control

state preparation = fidelity optimization
Fi(t) = [{u]o(t)]7

(1)) = Te~tJo dWHED |y,
ha(t) =7

MB et al, PRX 8 031086 (2018)

Marin Bukov
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Applications of RL in Quantum Physics

e quantum control

.....
L
b

\ ” state preparation = fidelity optimization

1 _ Falt) = (g (1)
{ | (t)) = Te*Jo W HE) )
ho (1) =7
reward:
episode 0 ) F3,(T)=0.59716

MB et al, PRX 8 031086 (2018)
Marin Bukov MPI-PKS



Applications of RL in Quantum Physics

e quantum control

MB et al, PRX 8 031086 (2018) Reuer, Nat Comm 14 7138 (2023)
Niu et al, npj 5 33 (2019) Yao et al, PRX 11 (3), 031070 (2021)
Sivak et al, PRX 12, 011059 (2022) Porotti, Comm Phys 2 (2019)
Gispen et al, MSML (2021) Dalgaard et al, npj 6 6 (2020)
+ many more

e quantum error correction

> task: find error correcting code that protects qubits from decoherence

Action (g‘@/[>\ Qubits
o« Neural “

(y{%{metwork KD I I
TR 2 e & S X A T S R T
N :
ﬁ‘\'\<::|—/‘(q - Noise D ZE
Measurement 1 Time step 20
RL agent RL environment

Fossel et al, PRX 8 031086 (2018)

Olle et al, arXiv:2311.04750

Marin Bukov MPI-PKS



Applications of RL in Quantum Physics

e quantum control

MB et al, PRX 8 031086 (2018) Reuer, Nat Comm 14 7138 (2023)
Niu et al, npj 5 33 (2019) Yao et al, PRX 11 (3), 031070 (2021)
Sivak et al, PRX 12, 011059 (2022) Porotti, Comm Phys 2 (2019)
Gispen et al, MSML (2021) Dalgaard et al, npj 6 6 (2020)
+ many more

© quantum error correction Fossel et al, PRX 8 031086 (2018)

Action (gateN Qubits Andreasson et al, Quantum 3 183 (2019)
e eural //

.% ’ Sweke et al, ML Sci Tech 2 025005 (2020)
Measurement | o~ Sivak et al, Nature 616 50-55 (2023)

Olle et al, arXiv:2311.04750 + many more

@ quantum gate design

> task: find high-fidelity pulses that emulate gates on a quantum computer

theory , RL Baum et al, PRX Quantum 2, 040324 (2021)

(b) A A (c) [

/ \ | ZX Cross resonance gate

d0

d1

‘)

m — IBM (1.41 4 0.06) x 102

— DRL (6.50 + 0.61) x 10~*

{

0 200 400 0 500 200 infidelity / error rate

Marin Bukov Time (ns) Time (ns) MPI-PKS



Applications of RL in Quantum Physics

e quantum control

MB et al, PRX 8 031086 (2018) Reuer, Nat Comm 14 7138 (2023)
; Niu et al, npj 5 33 (2019) Yao et al, PRX 11 (3), 031070 (2021)
) Sivak et al, PRX 12, 011059 (2022) Porotti, Comm Phys 2 (2019)
/ Gispen et al, MSML (2021) Dalgaard et al, npj 6 6 (2020)
+ many more

Fossel et al, PRX 8 031086 (2018)
Andreasson et al, Quantum 3 183 (2019)
Sweke et al, ML Sci Tech 2 025005 (2020)

Sivak et al, Nature 616 50-55 (2023)
Olle et al, arXiv:2311.04750 + many more

Baum et al, PRX Quantum 2, 040324 (2021)
Nguyen et al, ML Sci & Tech, 5, 025066 (2024)

Transmon Transmon

Comp
subspace
Comp.
subspace

@ quantum circuit design and synthesis

Quantum Circuit T F— = = = — o — - — -

(a) U(6) = e iasHs g=iaHa g —ias Hy g —iaa Ha i Hy | """ MCTS

O wew  ahe w@e

T

>
>

o=
“ “ “ : : 3 g o Policy Classical
L = A/a—\ Gradient Computer
a8, a, =
L£(6)= <¢init|UT(

Mtbinit) /N \—W \‘)reward P

Bolens et al, PRL 2021 Yao et al, MSML 2019, 2021, 2022

JHU(

+ many more
Marin Bukov MPI-PKS



Applications of RL in Quantum Physics

e quantum control e gquantum gate design @ guantum error correction

@ quantum circuit design and synthesis

» construct disentangling circuits

e s ¢ A T ® 0)
d4 I P A T 0)
l lo 9 ... 5
e o I 0

q=1 s 1 s 1 s ! 0

use RL have black box

— access to all 2-qubit reduced density matrices
N\ w(ador) 17 (i)
qi —I —
A =>
M 9 — - @--—

K a
jr p(4’5) A\ / qubit pairs
____/ 0,

. —_— (09 RL agent
[ (b) environment —_— (c) task: disentangle state ]

(1,2)
p

(1,3)
—m—-i p: -

(aetess.)

a

Marin Bukov Tashev et al, arXiv:2406.07884 MPI-PKS (Dresden)



Applications of RL in Quantum Physics

e quantum control e gquantum gate design @ guantum error correction

@ quantum circuit design and synthesis

» construct disentangling circuits

then it starts minimizing the overall number of gates applied..

. Sent > 10_1 Sent. < 10_1 Sent. < 10_2 Sent < 10_3 train.in.g iteration. — ]_OO
. . ‘ return R
3 | . )
CG b@ b e e AT Sl
- .
% S .
E > ‘
< : r~
: @ = -10 ] | |
g v 0 500 1000
m . ‘ : iteration
pisode step ! : ’ = : | : : : > policy
t 1 2 3 4 5 6 7 8 9 10 ﬂ—(at’Ot)
= 1.0 -
10! :
& 2 0.5 -
o T E
a, . l
- 0.0 -
action

Savg = 7 Lj=1 Sentlp)] Tashev et al, arXiv:2406.07884 MPI-PKS (Dresden)
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Part 1

e RL framework in a nutshell

> environment, states, actions, rewards
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Reinforcement Learning (RL) formalism

environment
(different from env. in physics)

Qctions: {left, right, @ r state: s \

agent chooses action a,
A
)

&? feedback loop
Vwreward M
observes state s at
t+1 Kchanges state. sy — St—l—lJ

Mnih et al., Nature 518 (2015) [Google DeepMind]

Marin Bukov Sutton and Barto, Reinforcement Learning: an Introduction, MIT press MPI-PKS



RL in a Nutshell

e RL formalism

» action space: & = {left, stay, right}

» state space: & pixelized image of the screen

» reward function: r = score

Marin Bukov Sutton and Barto, Reinforcement Learning: an Introduction, MIT press MPI-PKS



RL in a Nutshell

e RL formalism

» action space: & = {left, stay, right}

» state space: & pixelized image of the screen

» reward function: r = score

* RL episode is a Markov decision process

— (0 p(Si11S, >’@

> transition probability: p(S,.{1S,, )

Marin Bukov Sutton and Barto, Reinforcement Learning: an Introduction, MIT press MPI-PKS



RL in a Nutshell

e RL formalism

» action space: & = {left, stay, right}

» state space: & pixelized image of the screen

» reward function: r = score

* RL episode is a Markov decision process

/

| —
_' p(5t+1|5t,At)'@ '@_' _'@

> transition probability: p(S,. ]S, A,)

Marin Bukov Sutton and Barto, Reinforcement Learning: an Introduction, MIT press MPI-PKS



RL in a Nutshell

e RL formalism

» action space: & = {left, stay, right}

» state space: & pixelized image of the screen

» reward function: r = score

* RL episode is a Markov decision process

wo __©
_'@ p(5t+1|5t,14t)>@ >@_> _>@

> transition probability: p(S,. ]S, A,)

57% 41%
> policy: #(4,,S,) — probability to take action A, in the state S, B 0% 0% mmm 2%
actions

Marin Bukov Sutton and Barto, Reinforcement Learning: an Introduction, MIT press MPI-PKS



RL in a Nutshell

e RL formalism

» action space: & = {left, stay, right}

» state space: & pixelized image of the screen

» reward function: r = score

* RL episode is a Markov decision process

At‘St Rty / l
T L@ —@®

* RL objective: find policy which maximizes the total expected return

J = ECLNW(CL|S) [Rt—i—l T T Rtf |SO — S]

Marin Bukov Sutton and Barto, Reinforcement Learning: an Introduction, MIT press MPI-PKS
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Part 1

e RL framework in a nutshell

> RL algorithms

Marin Bukov MPI-PKS



Policy Gradient

* |n practice: evaluate RL objective by sampling trajectories

Nnic
J =Eqn(als) ZRt So = s| ~ Ni/IC Z ZRt(Tj)
'

Marin Bukov Sutton and Barto, Reinforcement Learning: an Introduction, MIT press MPI-PKS (Dresden)



Policy Gradient
y -»@@@—» D)

* |n practice: evaluate RL objective by sampling trajectories

J = ECL~7T(CL|S)

1 Nwmc y
RS = s| = Ri(1;) 5% 41%
zt: g Nmc ;zt: ¢(73) B o 0% mmm 2%
a, a, a; a

- - mo(a1|s)

* improve policy ro(asls)
S

—» parametrize policy  7(a|s) = mg(a|s) mo(as|s)

mo(a4|s)

Marin Bukov Sutton and Barto, Reinforcement Learning: an Introduction, MIT press MPI-PKS (Dresden)



Policy Gradient
y -»@@@—» D)

* |n practice: evaluate RL objective by sampling trajectories

J = ECLNTF(CL|S)

1 Nwmc y
RS = s| = Ri(1;) 5% 41%
zt: g Nmc ;zt: ¢(73) B o 0% mmm 2%
a, a, a; a

_ | mo(a1|s)
* improve policy o (as|s)
—» parametrize policy w(a\s) ~ 7T9(a|8) mo(as|s)
mo(a4|s)
—» compute gradients
VoJ(0) =Eqon, VQlOgT('QZRt So=s| ~ Z Vo 10g7T9(Tj)ZRt(TJ)
t

Marin Bukov Sutton and Barto, Reinforcement Learning: an Introduction, MIT press MPI-PKS (Dresden)



Policy Gradient
y -»@@@—» D)

* |n practice: evaluate RL objective by sampling trajectories

1 Nwuc

J =K,
arm(als) B o 0% e 2%
a, a, a; a

Et: R[Sy = S} ~ S ;Rt({) 57% 1%

j=1

V)

* improve policy

V)

V)

—» parametrize policy m(al|s) ~ mg(als)

V)

N—r e N N

— compute gradients

VoJ(0) = Eqor, So = s

Q

VQ 10g7T9 ZRt
t

— update parameters € to maximize return

Hnew — Hold + QVHJ(H)

gradient ascent B

image: medium.com

Marin Bukov Sutton and Barto, Reinforcement Learning: an Introduction, MIT press MPI-PKS (Dresden)



Policy Gradient
y -»@@@—» D)

* |n practice: evaluate RL objective by sampling trajectories

Nnic
1 | 4
J=F, 0 (als RSy = s| ~ R.(1;) 57% 41%
(|)zt:t0 } NMC;;t(J) B 0% 0% mmm 2%

a, a, a3 q

V)

* improve policy

V)

V)

—» parametrize policy m(al|s) ~ mg(als)

N—r e N N

V)

— compute gradients

SQ:S

Q

VoJ(0) = Eqmn,

VQ 10g7T9 ZRt
t

— update parameters € to maximize return

Hnew — Hold + Ong J(H) }
)(008,) 0|
e pseudo-loss function J(6)  VeJ(0) = VoJuc(6)
Nwmc BT PP L e
. 1 e )
J(@) - Nuic Z log e (Tj) Z e (Tj) image: medium.com

Marin Bukov Sutton and Barto, Reinforcement Learning: an Introduction, MIT press MPI-PKS (Dresden)



Example: RL for Quantum State Initialization

Bloch sphere
—» quantum control: two-level system 10}

e task: prepare |0) using infinitesimal rotations
L0t

Uy, = exp <—Z§O'a> @ =T,Y, < 9 / , )
y Yy

Marin Bukov MPI-PKS



RL for Quantum State Initialization

Bloch sphere
—» quantum control: two-level system 10}

e task: prepare |0) using infinitesimal rotations
L0t

y ¥

 define RL states:

9
L | _ CO5 5 1)
parametrization of state of system:  |1) < e sin ?

RL state space: S ={(¥,¢)|¥ €[0,x], ¢ € [0,27)}

Marin Bukov MPI-PKS



RL for Quantum State Initialization

Bloch sphere
—» quantum control: two-level system 10}

e task: prepare |0) using infinitesimal rotations
L0t

y ¥

 define RL states:

9
L | _ CO5 5 1)
parametrization of state of system:  |1) < e sin ?

RL state space: S ={(¥,¢)|¥ €[0,x], ¢ € [0,27)}

» define RLactions: A={I,U,la==z,y,z} ") = Ugq|t)) s 5

Marin Bukov MPI-PKS



RL for Quantum State Initialization

Bloch sphere
—» quantum control: two-level system 10}

e task: prepare |0) using infinitesimal rotations
L0t

y ¥

 define RL states:

v
parametrization of state of system:  |¢) = < iSOOS. 29 ) 1)
Cc 7 SlIl 5
RL state space: S ={(¥,¢)|¥ €[0,x], ¢ € [0,27)}
 define RL actions: A ={I,U,la ==z,y, 2} ") = Ugq|t)) s 5

e define reward: r; = !<0Wt>’2

Marin Bukov MPI-PKS



RL for Quantum State Initialization

Bloch sphere
—» quantum control: two-level system 10}

e task: prepare |0) using infinitesimal rotations
L0t

y ¥

define RL states:

9
L | _ CO5 5 1)
parametrization of state of system:  |1) < e sin ?

RL state space: S ={(¥,¢)|¥ €[0,x], ¢ € [0,27)}

define RL actions: A={[,U,|la==z,y, 2} WY =Unlth) s+ 6

e define reward: r; = !<0Wt>’2

choose RL algorithm: policy gradient

simulate trial trajectories 7; 1 Nuo
VoJ(0) ~ N Y Vglogma(r;) »  Ri(7;)

j=1 t
Marin Bukov MPI-PKS




RL for Quantum State Initialization

Bloch sphere
—» quantum control: two-level system 10}

e task: prepare |0) using infinitesimal rotations
L0t

y Y

 define RL states:

v
parametrization of state of system:  |¢) = < iSOOS. 29 ) 1)
Cc 7 SlIl 5
RL state space: S ={(¥,¢)|¥ €[0,x], ¢ € [0,27)}
 define RL actions: A ={I,U,la ==z,y, 2} ") = Ugq|t)) s 5

e define reward: r; = !<0Wt>’2

problem: continuous state space has infinitely many configurations

Marin Bukov MPI-PKS



RL with Function Approximation

—» problem: state space has exponentially/continuously many
configurations | AT

e can we estimate values of not yet encountered states?

Marin Bukov Sutton and Barto, Reinforcement Learning: an Introduction, MIT press MPI-PKS



RL with Function Approximation

—» problem: state space has exponentially/continuously many
configurations | AT

e can we estimate values of not yet encountered states?

—» YES, via inter- & extrapolation: parametrize the Q-function/policy

m(als) — my(als)

variational parameters ¢

Marin Bukov Sutton and Barto, Reinforcement Learning: an Introduction, MIT press MPI-PKS



RL with Function Approximation

—p problem: state space has exponentially/continuously many

configurations |.A|"T

e can we estimate values of not yet encountered states?

—» YES, via inter- & extrapolation: parametrize the Q-function/policy

Marin Bukov

m(als) — my(als)

e typical approach: use deep neural network (Deep RL)

Tanh
neuron weights F(2) 1] , ,
\ / biases ol / |
1 O w1 / P tanh(2) |
L9 (%, ‘ ‘ ‘
© b activation function -5 0 5
r3 O y:f(Wa:+b)

f()

W = (wy,ws,...,wy,) 0={W,b}

MPI-PKS



RL with Function Approximation

—p problem: state space has exponentially/continuously many
configurations | AT

e can we estimate values of not yet encountered states?

—» YES, via inter- & extrapolation: parametrize the Q-function/policy

m(als) — my(als) o (W)

e typical approach: use deep neural network (Deep RL)

2(0) input layer

bgl) : bias vector of layer [

Wg) : weight matrix of layer [

W . activation function of layer I
Marin Bukov MPI-PKS



RL for Quantum State Initialization

Bloch sphere
—» quantum control: two-level system 10}

e task: prepare |0) using infinitesimal rotations
L0t

y ¥

define RL states:

9
L | _ CO5 5 1)
parametrization of state of system:  |1) < e sin ?

RL state space: S ={(¥,¢)|¥ €[0,x], ¢ € [0,27)}

define RL actions: A ={I,U,|a =1z,y, 2}

e define reward: r; = !<0Wt>’2

. | | To(1|s)
* choose RL algorithm: policy gradient 7o(Uz|S)
W@(Uy S)
mo(als) TolUe)

Marin Bukov MPI-PKS



RL for Quantum State Initialization

Bloch sphere
—» quantum control: two-level system 10}

e task: prepare |0) using infinitesimal rotations
L0t

y ¥

define RL states:

9
L | _ CO5 5 1)
parametrization of state of system:  |1) < e sin ?

RL state space: S ={(¥,¢)|¥ €[0,x], ¢ € [0,27)}

define RL actions: A ={I,U,|a =1z,y, 2}

e define reward: r; = !<0Wt>’2

: . . mo(I|s)
* choose RL algorithm: policy gradient ro(Uss)
simulate trial trajectories 7 o (Uyls)
W@(Uz S)

Q

VoJ(6)

Marin Bukov MPI-PKS



RL for Quantum State Initialization

Bloch sphere

—> quantum control: two-level system 107
e task: prepare |0) using infinitesimal rotations
ot
U, = exp (—igao‘) Q=292 <
'y
* define RL states:
trization of state of system: |¢) = Cos ¥
parametrization of state of system: = | oiv «in g
Check out Jupyter notebook for how this works in practice! .E]
o
https:/github.com/mgbukov/RL_quantum R T
D) sy
: . . ({]s)
* choose RL algorithm: policy gradient (U, |s)
simulate trial trajectories T; (Uyls)
| Mo (Uls)
VoJ(0) ~ N > Vologmy(r;) > Re(r))
Marin Bukov = t MPI-PKS



https://github.com/mgbukov/RL_quantum

What other RL Algorithms are there?

—» overview of RL algorithms

Policv Optimizati Dynamic Programmin
olicy ptlmlz\atlon y =z \9 g
(A K A )
l Policy Gradients Policy Iteration Value Iteration

Evolutionary NN d v

Methods | Actor-Critic Methods Q-Learning/SARSA

Marin Bukov Sutton and Barto, Reinforcement Learning: an Introduction, MIT press MPI-PKS



What other RL Algorithms are there?

—» overview of RL algorithms

Poli imjzati Dynamic Programmin
olicy Optlmlz\atlon y =z \9 g
(A 4 A )
l Policy Gradients Policy Iteration Value Iteration

Evolutionary NN d v

Methods | Actor-Critic Methods Q-Learning/SARSA

gradient-free,
model-free methods
(stochastic search, evolutionary)

v

4 fully online methods )
(actor-critic)

v

policy gradient methods

V

deep value iteration methods
(DQN, DDPQG, etc.)

V

shallow value iteration methods
\_ (policy iteration, Q-Learning) )

V

model-based RL

fast >

inefficient

—» which algorithm to use?

sample efficiency
wall clock time

efficient

slow

<

Marin Bukov Sutton and Barto, Reinforcement Learning: an Introduction, MIT press MPI-PKS



Value function methods

Poli imizati Dynamic Programmin
OIcyOpt/m@t/on )‘/( a \9\ g
E;Iicy Gradients Policy Iteration Value Iteratioj

Actor-Critic Methods  Q-Learning/SARSA

Evolutionary
Methods

—p \/alue lteration methods

« value function: expected total return under the policy w(al|s) from state s

UW(S) — anw(a|8)[Gt|St — S] Gt — Rt—l—l + Gt—l—l

problem: cannot reconstruct the policy

Marin Bukov Sutton and Barto, Reinforcement Learning: an Introduction, MIT press MPI-PKS



Value function methods

Poli imizati Dynamic Programmin
o:cyOptlm@t/on y a \9 g

L] L] L] K L] \
Policy Gradients Policy Iteration Value Iteration

Actor-Critic Methods  Q-Learning/SARSA

Evolutionary
Methods

—» Value lteration methods
« value function: expected total return under the policy w(al|s) from state s
UW(S) — anw(ab)[Gt’St — S] Gt — Rt—l—l + Gt—l—l

* action-value (or Q-) function: expected total return under the policy m(als)
starting from state s and taking action a:

Qﬂ'(87 0,) — anw(a|s) [Gt‘st — SaAt — CL]

Marin Bukov Sutton and Barto, Reinforcement Learning: an Introduction, MIT press MPI-PKS



Value function methods

Policy Optimizati Dynamic Programmin
olicy plm@ jon y an \g g

K A
Policy Gradients Policy Iteration Value Iteration
Evolutionary \ / ¢

Methods Actor-Critic Methods  Q-Learning/SARSA

—p \/alue lteration methods

« value function: expected total return under the policy w(al|s) from state s
UW(S) — anw(ab)[Gt’St — S] Gt — Rt—l—l + Gt—l—l

« action-value (or Q-) function: expected total return under the policy m(a/|s)
starting from state s and taking action a:

Qﬂ'(87 0,) — ECL~7T(CL|S) [Gt‘st — SaAt — CL]

—» optimal action-value function: Q. (s,a) = max Q, (s, a)

T« (als) = argmax, Q. (s, a)

Bellman’s equation: Q. (s, a) Zp "Is, a) [ (5,5,a) + max Q. (s',a’)

CL/

Marin Bukov Sutton and Barto, Reinforcement Learning: an Introduction, MIT press MPI-PKS



Meaning of Q-function

—» assign a value to each state

 first step deterministic, then follow policy

Q(s,a) = Eqnrn|Rir1 + -+ R |So = 5, Ag = q

Marin Bukov Sutton and Barto, Reinforcement Learning: an Introduction, MIT press MPI-PKS



Meaning of Q-function

—» assign a value to each state

 first step deterministic, then follow policy

Q(S,CL) = EGNW[Rt+1 + -t Rtf‘SO — S,Ao — ]

9 O ®

—1

Marin Bukov Sutton and Barto, Reinforcement Learning: an Introduction, MIT press MPI-PKS



Meaning of Q-function

—» assign a value to each state

 first step deterministic, then follow policy

Q(S,CL) = EGNW[Rt+1 + -t Rtf‘SO — S,Ao — ]

€
~— o= L_®

Q(St;—1,A¢,-1) = Ry,

Marin Bukov Sutton and Barto, Reinforcement Learning: an Introduction, MIT press MPI-PKS



—» assign a value to each state

Marin Bukov

Meaning of Q-function

| = B = By — O

 first step deterministic, then follow policy

Q(S,CL) = EGNW[Rt+1 + -t Rtf‘SO — S,Ao — ]

Sutton and Barto, Reinforcement Learning: an Introduction, MIT press MPI-PKS



Meaning of Q-function

—» assign a value to each state

| = B = By — O

Q(S,CL) = EGNW[Rt+1 + -t Rtf‘SO — S,Ao — ]

o 0
_> Ry 2 ’ R, » By

 first step deterministic, then follow policy

Q(Stf—27Atf—2) — Rtf—l + Rtf

Q(Stf—37Atf—3) — Rtf—2 + Rtf—l + Rtf

Marin Bukov Sutton and Barto, Reinforcement Learning: an Introduction, MIT press MPI-PKS



Q-Learning

—» assign a value to each state Q(s,a) = Equr[Ris1 + -+ + Ry, |So = 5, Ag = a

 first step deterministic, then follow policy

Marin Bukov Sutton and Barto, Reinforcement Learning: an Introduction, MIT press MPI-PKS



Q-Learning

—» assign a value to each state Q(s,a) = Equr[Ris1 + -+ + Ry, |So = 5, Ag = a

 first step deterministic, then follow policy

e take action which maximizes the Q-value at each step

Marin Bukov Sutton and Barto, Reinforcement Learning: an Introduction, MIT press MPI-PKS



Q-Learning

—» assign a value to each state Q(s,a) = Equr[Ris1 + -+ + Ry, |So = 5, Ag = a

 first step deterministic, then follow policy

e take action which maximizes the Q-value at each step

—» jterate following two steps until convergence
* error according to definition §; = Q(Sy, A¢) + Rir1 — max Q(Siy1,a)

» update current function Qnew = Qold + ady a €10,1)

Marin Bukov Sutton and Barto, Reinforcement Learning: an Introduction, MIT press MPI-PKS



What is reinforcement learning used for?

Mastering the game of Go with deep Mastering video games (StarCraft Il)
neural networks and tree search . (e

g 0 (EEER -
A DER- B0 |
'm—w e
Ao { o .!,“”\w 2
o0 j.l !
Silver, et. al, Nature 529 484-489 (2016) Vinyals, et. al, Nature 350 (2019)

Magnetic control of

Atari games tokamak plasmas thru deep RL

[s] TCV h Vessel cross section
_— Isoflux line
i Jl‘.-p::cm/
n vacuLm
— Plasma
== boundary
T Vessel —*
Pl Axis R, Z
”””” position
Active
J(rp.m:\" }— Baffle
- ’ iy Strike < Legs
2 / o, R
F V 3 win!s\
’ "
f e — Limiter
= T16Polodal _ Ohmic | Fast
fiedd coils coils coil

Mnih et al., Nature 518 (2015) [Google DeepMind]
Degrave, et. al, Nature 602 414-419 (2022)

Marin Bukov MPI-PKS



Applications of RL in Quantum Physics

e quantum control

MB et al, PRX 8 031086 (2018) Reuer, Nat Comm 14 7138 (2023)
; Niu et al, npj 5 33 (2019) Yao et al, PRX 11 (3), 031070 (2021)
) Sivak et al, PRX 12, 011059 (2022) Porotti, Comm Phys 2 (2019)
/ Gispen et al, MSML (2021) Dalgaard et al, npj 6 6 (2020)
+ many more

Fossel et al, PRX 8 031086 (2018)
Andreasson et al, Quantum 3 183 (2019)
Sweke et al, ML Sci Tech 2 025005 (2020)

Sivak et al, Nature 616 50-55 (2023)
Olle et al, arXiv:2311.04750 + many more

Baum et al, PRX Quantum 2, 040324 (2021)
Nguyen et al, ML Sci & Tech, 5, 025066 (2024)

Transmon Transmon

Comp
subspace
Comp.
subspace

@ quantum circuit design and synthesis

Quantum Circuit T F— = = = — o — - — -

(a) U(6) = e iasHs g=iaHa g —ias Hy g —iaa Ha i Hy | """ MCTS

O wew  ahe w@e

T

>
>

o=
“ “ “ : : 3 g o Policy Classical
L = A/a—\ Gradient Computer
a8, a, =
L£(6)= <¢init|UT(

Mtbinit) /N \—W \‘)reward P

Bolens et al, PRL 2021 Yao et al, MSML 2019, 2021, 2022

JHU(

+ many more
Marin Bukov MPI-PKS



What advantages does RL offer?

* model-free: requires no pre-knowledge of the controlled physical system

> unknown sources of noise (e.g., quantum computing)

> not fully known Hamiltonian (solid state materials, superconducting qubits, etc.)

* adaptive: transfers acquired knowledge that might allow us to identify
connections between unrelated phenomena

* |nteractive: designed for feedback control

> quantum feedback control

* autonomous: provides novel insights into automating complex manipulation protocols

> experiments

Marin Bukov MPI-PKS



Outline »

Part 2

e RL for qubit state preparation

> effect of noise (measurement shot noise, coherent, incoherent noise)

e experimentally friendly RL framework
> partially observable environments

> environment, states, actions, rewards

Marin Bukov MPI-PKS



Outline

Part 2

e RL for qubit state preparation

> effect of noise (measurement shot noise, coherent, incoherent noise)

Marin Bukov MPI-PKS



RL frameworks for quantum systems

 rewards obtained from (projective) measurements

» can be given only once, or else need to restart episode

e qgquantum states cannot be observed

» extracting data from quantum system changes its state

e quantum data is binary (qubits)

» minimal amount of information, difficult to learn

 quantum data is probabilistic

» Heisenberg uncertainty

Marin Bukov MPI-PKS



RL for qubit control

—> goal: prepare state of a singe qubit )
e initial state: |y;) = | 1) /
« target state: |yi) = cos 2 |0) + sin gel?l 1) | ——F ,
Y
|13)

Marin Bukov MPI-PKS



RL for qubit control

—> goal: prepare state of a singe qubit )

e initial state: |y;) = | 1) /

o target state: |yi) = cos 2 |0) + sin §6l3 | 1) | —

—> use quantum gates: }
;)
— —iyo*l2 —ipo’ 2 ,—iac*/2
Uctrl( a, ,Be )/) — o irol2, iffo p~lao
 need to determine optimal angles a, 3, ¥

* implements arbitrary rotations

Marin Bukov MPI-PKS



RL for qubit control

—> goal: prepare state of a singe qubit )

e initial state: |y;) = | 1) /

o target state: |yi) = cos 2 |0) + sin §6l3 | 1) | —

—> use quantum gates: }
;)
— —iyo*l2 —ipo’ 2 ,—iac*/2
Uctrl( a, ,Be )/) — o irol2, iffo p~lao
 need to determine optimal angles a, 3, ¥

* implements arbitrary rotations

—> solution: maximize the fidelity F(a, f,7) = | {ys | U (@, B, 7) | y) |2

Marin Bukov MPI-PKS



RL for noisy qubit control

—> goal: prepare state of a singe qubit )

e initial state: |y;) = | 1) /

o target state: |yi) = cos 2 |0) + sin §6l3 | 1) | ——

Issues:

[1i)
—> how do we compute F = | (i | Ui |y} | 2

Marin Bukov MPI-PKS



RL for noisy qubit control

—> goal: prepare state of a singe qubit )

e initial state: |y;) = | 1) /

o target state: |yi) = cos 2 |0) + sin gel?l 1) | —

Issues:

[1i)
—> how do we compute F = | (i | Ui |y} | 2

* need to measure state in target direction | )

Ql

find operator whose eigenstate is |y ): Osx = N *

eigenvectors:  ox|ys) = + |ys), o lyi) = — |pr)

Marin Bukov MPI-PKS



RL for noisy qubit control

—> goal: prepare state of a singe qubit - 1)

e initial state: |y) = | 1) /
T A

T . ¥4
« target state: |ys) = cos 2 |0) + sin §6l3 | 1) | = -

Issues:

—> how do we compute F = | (i | Ui |y} | 2

* need to measure state in target direction | )

find operator whose eigenstate is | s ): Ox =Hs" 0 As = N(Ox, @:)
eigenvectors:  ox |y = + |ys), ox|yd) = — |wi)
#+1
A
4 I

|y | Uogr Ly I
measurement shot noise!

2
[ | U ly) I” (- =

, find: +1 —1 discrete measurement outcome
Marin Bukov MPI-PKS




RL for noisy qubit control

| ys) = cosg|0) + sin ge’%l 1)
—>» goal: prepare state of a singe qubit

Issues: /

—> how do we compute F' = | (ys | U, | ;) % 2

» measurement shot noise

—> how do we measure o = 7l - 6 on a quantum device? b ly;) = | 1)

Marin Bukov MPI-PKS



RL for noisy qubit control

—>» goal: prepare state of a singe qubit

Issues:

—> how do we compute F' = | (ys | U, | ;) % 2

» measurement shot noise

—> how do we measure 6 = A+ - 6 on a quantum device?

* need ancilla |y) = |y),|0),
|'//>q O«
0y, —IH l Hi— X
measure
in Z-basis
1 1

Hadamard gate: H =

)

1
ﬁ <1 1 controlled-o.. gate: Co

Marin Bukov

| ys) = cosg|0) + sin ge’%l 1)

0., ifancillaisin |1),

1

q

{

if ancillais in |0),
MPI-PKS



RL for noisy qubit control

| ys) = cosg|0) + sin ge’%l 1)
—>» goal: prepare state of a singe qubit

Issues: /

—> how do we compute F' = | (ys | U, | ;) % 2

» measurement shot noise

—> how do we measure o = 7l - 6 on a quantum device? b ly;) = | 1)

* need ancilla |y) = |y),|0),

--------
Od %o

W), 2 Tys)i ),

0y, —IH l H— R+ -1

a

measure

in z-basis
1 /1 1 o+, ifancillaisin |1),
Hadamard gate: H = ﬁ 1 1 controlled-o. gate: Co =

1 ifancillaisin [0),
Marin Bukov MPI-PKS



Measuring arbitrary operator

----------------
¢¢¢¢¢¢

lw), O Ivf*> Il/f*> H =

if ancillaisin | 1),

10), —|H l Hi— X +1

a

7l
St

Z-basis

Marin Bukov MPI-PKS



Measuring arbitrary operator

| l//>q - O

—> ), = aly), + blyi), oclys) =+ lys), o lys) = — lyi)
c’|0)=+10), o°[1)=—[1)

Marin Bukov MPI-PKS



¥,

10)

a

|

|

Marin Bukov

Measuring arbitrary operator

), = alys), +blw),

|l//>q|0>a=a|l//*>q|0>a+b|l//>l}>q|0>a

o | yn) = + |ys),
c*|0) = +10),

o |yt = — |yi)
c*|1)=—11)

MPI-PKS



Measuring arbitrary operator

10) |1)
/11 \10)
[¥), H_\/§<1 _1>|1>
10), —H[—
—> (W), = alys), +blyi), o:lys) =+ lys),  olys) = — |yi)
| c‘|0)=+10), o [l)=—]1)
—> ), 10), = aly),10), + Dy, |0),
a b
—> Hall//>q|0>a:$|l//*>q(|o>a+|1>a)+_2|l//>!}>q(|0>a+|1>a)
1 1
=—2(a|l//*>q+bll/f>kl>q)|0>a+$(alvf*>q+bll/fi>q)|1>a

Marin Bukov MPI-PKS



Measuring arbitrary operator

10) |1)
1L /1 1\I0o
Oy — —
[¥), H <1 _1>|1>

a CG* =

NG
|0) —| H l {a*q if ancillaisin | 1),

1 ifancillaisin |0),

—> (W), = alys), +blyi), o:lys) =+ lys),  olys) = — |yi)
| c*|0) =+10), o [1)=—]1)
—> ), 10), = alys), 10y, + Dy, [0),
a b
—> H,|w),10), =—ly),(10), + 1)) + —=lw) (10),+ 1))
q \/5 q \/5 q
:L(am) +b|yi),)0) +L(a|yf*> +blyi),) | 1)
\/5 q q a \/5 q q a
1 1
a b
:_|W*>(|O>a+|1>a)+_|l//>£_>(|O>a_|1>a)
V2o V2 o

Marin Bukov MPI-PKS



Measuring arbitrary operator

10) |1)
/11 \10)
|l//>q O H—_<1 _1>|1>

a CG* =

NG
10y, —|H l H —— {G*Q if ancillaisin | 1),

1 ifancillaisin |0),

—> (W), = alys), +blyi), o:lys) =+ lys),  olys) = — |yi)
| c°|0) =+10), o|1)=—]1)
—> ), 10), = alys), 10y, + Dy, [0),
a b
—> Hall//>q|0>a:$|l//*>q(|o>a+|1>a)+$|l//>£—>q(|0>a+|1>a)
:L(am) +b|yi),)0) +L(a|yf*> +blyi),) | 1)
\/5 q q a \/5 q q a
1 1
a b
:_l *>(|O>a+|1>a)+_|l//>£_>(|O>a_|1>a)
Vil Vi

—>  H,CoH,|y),10), = aly),10),+blys),| 1),
Marin Bukov MPI-PKS



Measuring arbitrary operator

10) |1)
) i C 1 \10)
|W>q % .|l//*>: .|l//>x<> H—$<1 _1>|1>
10) H l H ﬁ +1 _1 . {a*q if ancillaisin | 1),
“ measure in O = 1 if ancilla is in |O>a
Z-basis
—> (W), = alys), +blyi), oilys) =+ ys), oulyi) = = lyi)
c*|0) = +10), c*|1) =—|1)
—> ly),10), = alys),10), + blwi),|0),
a b
—> Hallﬁ)q|0>a=$|lﬁ*>q(|0>a+|1> )+$Ivf*> L10),+11),)
1
=$(a|l//*> .+ Plwi))10), +$(a|l/f*> ,FPlw) ),
1
—> Co:H,|w),10), —ﬁ(alw TPl )10, +$(a|l/f*> —bly) ) 1),
a b

—>  H,CoH,|y),10), = aly),10),+blys),| 1),
Marin Bukov MPI-PKS



RL for noisy qubit control

| ys) = sin %e’%IO) + cosgl 1)
—>» goal: prepare state of a singe qubit

issues: /

1. how do we compute F' = | (ys | U, | ;) % 2

2. qubit + ancilla apparatus can be noisy

e coherent noise

Marin Bukov MPI-PKS



RL for noisy qubit control

| ys) = sin %e’%IO) +cos§|1)

—>» goal: prepare state of a singe qubit

Issues:

1. how do we compute F' = | (ys | U, | ;) % 2

2. qubit + ancilla apparatus can be noisy

e coherent noise

v,
lw) = w),10),
|0)

a

Marin Bukov

cn

t

_. x _l y y _. Z Z
U =e iac,0y o ibo, o, o ~i€0.0

a®q
noise strength set by a, b, ¢

qubit and ancilla can get entangled

MPI-PKS



RL for noisy qubit control

—>» goal: prepare state of a singe qubit

Issues:
1. how do we compute F' = | (ys | U, | ;) % 2

2. qubit + ancilla apparatus can be noisy

e coherent noise

lw),
lw) = w),10),
10)

ent

a

how do we get rid of this entanglement?

Marin Bukov

—ibo’c”
meée

| ys) = sin %e’%IO) +cos§|1)

—7 Z 2
ico,0,

noise strength set by a, b, ¢

qubit and ancilla can get entangled

measure ancilla in z-basis to reset it!

MPI-PKS



RL for noisy qubit control

| ys) = sin %e’%IO) + cosgl 1)
—>» goal: prepare state of a singe qubit

issues: /

1. how do we compute F' = | (ys | U, | ;) % 2

2. qubit + ancilla apparatus can be noisy

. ly;) = 10)
* coherent noise
|l//>q Uent — e—iaajfag e—ibogag e—icaflaf]
lw) = [y),10), U, noise strength set by a, b, ¢
10), — —— qubit and ancilla can get entangled
how do we get rid of this entanglement? measure ancilla in z-basis to reset it!
—Pf)%b >, with prob. p = | (¢| P? |¢) |* & measurement outcome — 1
V) — U=FPIW)  with prob. 1 — & measurement outcome + 1 Z 1 Z
J1—p prob. p Pa=1q®5(1_o-)a

Marin Bukov MPI-PKS



RL for noisy qubit control

| ys) = sin %e’%IO) + cosgl 1)
—>» goal: prepare state of a singe qubit

issues: /
—=

1. how do we compute F' = | (ys | U, | W) % 2 e

2. qubit + ancilla apparatus can be noisy

e coherent noise
photon y

* incoherent noise: spontaneous decay of qubit state

qubit qubit

Marin Bukov MPI-PKS



RL for noisy qubit control

—>» goal: prepare state of a singe qubit

Issues:
1. how do we compute F' = | (ys | U, | ;) % 2

2. qubit + ancilla apparatus can be noisy

e coherent noise

* incoherent noise: spontaneous decay of qubit state

iy with prob. pemi
’w>q —> < \/|<"70|Pz|?,b>q7 . emit
\ ‘¢>q ) with prob. 1 — pemit

Marin Bukov

| ys) = sin ge’%m) +cos§|1)

photon y

qubit qubit

MPI-PKS



RL for noisy qubit control

| ys) = sin %e’%IO) +cos§|1)

—> goal: prepare state of a singe qubit —~
issues: )
1. how do we compute F' = | (ys | U, | ;) |2 ? ,
2. qubit + ancilla apparatus can be noisy !
=10
o " |0>°~ N /// //___ /’_ //___1//__ -
bp{&oc(e \)(.t‘) Y, | 2 2 Y W LAY N
"""""""" . OM;LU\M&.WM bt wesiu e H

...........................................................................................................................

Marin Bukov MPI-PKS



RL for noisy qubit control

—>» goal: prepare state of a singe qubit

Issues:
1. how do we compute F' = | (ys | U, | ;) % 2

2. qubit + ancilla apparatus can be noisy

?\\__

---------------------------------------------------------------------------

——}@(, Il.y\ L} -

...........................................................................

3. accessible data: is all binary!!

e ancilla measurement

Marin Bukov

| ys) = sin %e’%IO) +cos§|1)

* single photon detection

------------------------------------------------

................................................

* qubit measurement
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Outline »

Part 2

e experimentally friendly RL framework
> partially observable environments

> environment, states, actions, rewards

Marin Bukov MPI-PKS



RL framework

e S IIEE

e gubit measurement output: =1 (bina
q P (binary) pideskes 0 1 a1 s

---------------------------------------------------------------------------
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RL framework

—> rewards j :1 -:@: @: @j @—@: @:

« qubit measurement output: =1 (binary)

---------------------------------------------------------------------------

epry¥yot\e & Lc_\:' d&“bw; s

—>» actions

« angles of control unitary U(a, f3,y) : continuous (!)

...........................................................................
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RL framework

—> rewards j :1 -:@: @: @j @—@: @:

« qubit measurement output: =1 (binary)

---------------------------------------------------------------------------

epry¥yot\e & Lc_\:' d&“bw; s

—>» actions

* angles of control unitary U(a, f3,y) : continuous (!)

—> states

quantum states cannot be measured/observed!!!
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RL framework

p— SR/ //0 /N

« qubit measurement output: =1 (binary)

---------------------------------------------------------------------------

. i ¢ l-c;e da\bu—itg
—> actions ;

* angles of control unitary U(a, f3,y) : continuous (!)

—> states — observations

* wall clock time: one-hot representation of the step number

quantum states cannot be measured/observed!!!
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RL framework

p— SR/ //0 /N

« qubit measurement output: =1 (binary)

---------------------------------------------------------------------------

—>» actions

« angles of control unitary U(a, f3,y) : continuous (!)

—> states —> observations

* wall clock time: one-hot representation of the step number

e ancilla measurement output: =1 (binary)

/O\ (1)
1 1
0 1
0 —1
0} \1

quantum states cannot be measured/observed!!!
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RL framework

p— SR/ //0 /N

« qubit measurement output: =1 (binary)
,,{oncie \kf) W LAl

---------------------------------------------------------------------------

- i ( dmtecit s
—> actions o g A

« angles of control unitary U(a, f3,y) : continuous (!)

—> states —> observations

* wall clock time: one-hot representation of the step number

e ancilla measurement output: =1 (binary)

-1 = ‘qubit found in GS’

 spontaneously emitted photon detection: £1 (binary) (photon detected)

(0) (1) (1)

1 1 1
0 1 —1
0 -1 1

\0) \1) \1)

quantum states cannot be measured/observed!!!
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—>» rewards

« qubit measurement output: =1 (binary)

—>» actions

« angles of control unitary U(a, f3,y) : continuous (!)

—>» states — observations

RL framework

NR/a/8/0/0/RE)

bp.(xocxe \kf) W~ LAV N

---------------------------------------------------------------------------

...........................................................................

* wall clock time: one-hot representation of the step number

e ancilla measurement output: =1 (binary)

« spontaneously emitted photon detection: 1 (binary)
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1
0
0

\0)

-1 = ‘qubit found in GS’
(photon detected)

(1) (1) (0 1 1)

1 1 1 1 1

1 -1 —_— O 1 —1|=o0, RLobservation
-1 1 0 -1 1
1) Ul 0 1 1)

quantum states cannot be measured/observed!!!
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RL framework

S IIEE

« qubit measurement output: =1 (binary)
bpnoclé? \)(.f')"

w- LAz

---------------------------------------------------------------------------
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actions

« angles of control unitary U(a, f3,y) : continuous (!)

e

Uo
|
Y

states — observations

* wall clock time: one-hot representation of the step number

e ancilla measurement output: =1 (binary)

 spontaneously emitted photon detection: £1 (binary) U..(a,p,7)
agent T
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observation P g

) neural net
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Training curves

Uctrl(a’ ﬁ s 7/)
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Hands-on policy gradient

Check out Jupyter notebook for how this works in practice! . i

* 3
.....

https:/github.com/mgbukov/RL_quantum
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https://github.com/mgbukov/RL_quantum

RL in Quantum Physics: an Overview e

RL for quantum gates RL for quantum control

(pulse design)

RL for quantum « . RL for entanglement
circuit compilation @%é manipulation

RL for quantum /

RL for feedback qubit control

r®.,
o)

error correction

Check out Jupyter notebook for how this works in practice!

* *
.....

https:/github.com/mgbukov/RL_quantum

Thanks for your attention!
Marin Bukov web: www.pks.mpg.de/nqd


https://github.com/mgbukov/RL_quantum

Useful Literature

M. Nielsen, Neural Networks and Deep Learning (online book)
Sutton and Barto, Reinforcement Learning: an Introduction, MIT press
S. Levine, You Tube, UC Berkeley (videos of lecture course)

M. Bukov, lecture course, Sofia University

http.//quantum-dynamics.phys.uni-sofia.bg/teaching/WiSe_2020_RL_class/

Check out Jupyter notebook for how this works in practice!

https:/github.com/mgbukov/RL _quantum
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https://github.com/mgbukov/RL_quantum

