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Quantum many-body control

Essential for most quantum technologies (computing, simulation, metrology)

e.g. state preparation: ;.. ciate

target state

~ - - ~
Ao A1JA5 Ay

time steps

V
protocol

Problem: Hilbert space dimension grows exponentially with system size

— Our control framework: Deep reinforcement learning with matrix product states

N

Representing the quantum Trainable machine learning
many-body state architecture for the RL agent



Reinforcement learning (RL)

action a,

N

environment

\ / Goal: Maximize expected cumulative reward

state s, by acting optimally in each state.

reward r, € R

R. S. Sutton, A. G. Barto, Reinforcement learning: An introduction. MIT press
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Mnih et al., Nature 518, 529-533 (2015)
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Q-learning

Learn optimal Q values Q* (s, a):

action a, Maximum expected sum of future rewards if
you start in state s and take action a

agent : environment — optimal action: a; = argmax Q" (s¢, a)

reward r, € R

state s,

Mnih et al., Nature 518, 529-533 (2015)
R. S. Sutton, A. G. Barto, Reinforcement learning: An introduction. MIT press



Q-learning

action a,

—

state s,

environment

{‘
S

reward r, € R

Mnih et al., Nature 518, 529-533 (2015)
R. S. Sutton, A. G. Barto, Reinforcement learning: An introduction. MIT press

Learn optimal Q values Q* (s, a):

Maximum expected sum of future rewards if
you start in state s and take action a

— optimal action: a; = arg max Q" (s¢,a)

DQN (Deep Q—Network)'
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Q-learning

action a,

_environment

state s,

reward r, € R

Mnih et al., Nature 518, 529-533 (2015)
R. S. Sutton, A. G. Barto, Reinforcement learning: An introduction. MIT press

Learn optimal Q values Q* (s, a):

Maximum expected sum of future rewards if
you start in state s and take action a

— optimal action: a; = arg max Q" (s¢,a)

DQN (Deep Q-Network):

@)
\‘«{‘-Xfr
RS RXKS
},"§o¥;‘§\o
NS

QQ (37 an)
|—> Optimal action

Optimize by minimizing:

L(6) = E [(Qe(s, @)~ |r(s,a) + max Q; (s',a') )2]
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Matrix product state ansatz for Q-learning (QMPS)

QMPS agent

state |1)

7/ uorjoe

RL environment

/ & ; ~ l \ RL environment

—
CP (P '(P_CP_CD—()W; <«———state

ctidtrA  |e———action
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state |1)

Matrix product state ansatz for Q-learning (QMPS)

QMPS agent

RL environment

/&/‘\1\

EQ 0o

re = N7 og(|(We]va)|?) <

:I:zcstiA

)€

7/ uorjoe

e
<+————state

<+«———action

reward

RL environment

(Goal: Prepare target state|,))



Matrix product state ansatz for Q-learning (QMPS)

state |¢¢)

QMPS agent Qo(v,a) > Ae A QMPS agent
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RL environment B
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Matrix product state ansatz for Q-learning (QMPS)

QMPS agent Qo(v,a) > Ae A QMPS agent
(5@(5—(5—6—(5—6 4) |[«———Quantum state input (MPS)

RL environment
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state |¢¢)

Matrix product state ansatz for Q-learning (QMPS)

QMPS agent Qo(v,a) > Ae A QMPS agent

X dy
? —é— 0,) |[&——Trainable parameters (MPS)

(g—(g—(g—(g—cg—(g 4¥) |«———Quantum state input (MPS)

RL environment
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state |¢¢)

Matrix product state ansatz for Q-learning (QMPS)

QMPS agent Qo(v,a) > Ae A QMPS agent

. Neural network (NN)

0 0,) |[&——Trainable parameters (MPS)

(g—(g—(g—(g—cg—(g 4¥) |«———Quantum state input (MPS)

RL environment
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state |¢¢)

Matrix product state ansatz for Q-learning (QMPS)

QMPS agent Qo(v,a) > Ae A QMPS agent

N < Neural network (NN)
df

0,) |[&——Trainable parameters (MPS)

(g—(g—(g—(g—cg—(g 4¥) |«———Quantum state input (MPS)

RL environment

A
EQ 0o

:I:zétiA
‘ I I I

— Resources scale only linearly in system size N

)€
re = N7 log(|(e]vhs) )




state |¢4), reward ry

Matrix product state ansatz for Q-learning (QMPS)

QMPS agent Qg boa) = Ae A QMPS framework
Xa Q 0,,) Start each episode from a (random) initial state
Jm&k—&% ’

Terminate episode when fidelity threshold is
reached, e.g. F' = 0.99

7/ uorjoe

RL environment

A
EQ 0o

:I:zétiA
‘ I I I

)€
re = N~ og(|(1r]1) %)
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21 J=-1
Mixed-field Ising:
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with std o is added to step duration &t (eﬂétiA)
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e Universal state preparation / many-body state preparation

e QMPS circuit framework

— Hybrid quantum-
classical ansatz:
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QMPS |67)
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e Universal state preparation / many-body state preparation

e QMPS circuit framework

— Hybrid quantum-
classical ansatz:

Marin Bukov
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e QMPS circuit framework

— Hybrid quantum-
classical ansatz:

Marin Bukov

Outlook

e Universal state preparation / many-body state preparation
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Input state [1))
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Al

am
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@ —R Ryy
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next action

- Al
Al3]

an

Thank youl!




