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What today will be about

Combination of two of the latest research fields: RL and Quantum Computing

(Deep) Reinforcement Learning

this is done
many times

N

https://www.wevolver.com/article/datadriven.deep.reinforcement.learning

Q?,
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Quantum Computing

https://www.ibm.com/blogs/digitale-perspektive/2021/06/quantum-opening-in-ehningen/

Quantum Reinforcement Learning

Enhance RL algorithms with concepts from quantum computing i a novel (and potentially more powerful)
computing paradigm based on quantum mechanics
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Quantum Computing BSounds like Science Fiction?!
It is not!

A Quantum computers are reality since a few years IBM Quantum System One in Ehningen, Germany

You can experiment with some ofthem yourself:
https://www.ibm.com/quantum

A lot of research is going on to develop soft and
hardware

A Promise to revolutionize computing in different fields
Cryptography
Simulation
Optimization
Machine Learning
Z

A Stl” |n Very early StageS Of development https://de.newsroom.ibm.com/ibm-dach-special-coverage-Fraunhofer-IBM
but just take a | ook at classical computers in e.g. t
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https://www.ibm.com/quantum
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Recap
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Concrete
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Quantum Computing
Let bs

QUANTUM COMPUTER
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Quantum Computing
A bit more formal: Qubits and Superpositions

A qubit is the pendant to the classical bit. The two basis states are:

0) — H and |1) — m

It can be in a superposition of those states:
al0)+ 611) — [g] with a, 8 € C and |a|” + |8]° = 1
A n-qubits system gives us access to an Hilbert space of dimension 2":
2" —1

) = ¢ ]0...00)+¢ol0...01) 4 -+ean g [1---11), ¢, € C, S0 eil* =1

— A quantum computer allows us to process 2" complex numbers at once!
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Quantum Computing
A bit more formal: Measurement and State Evolution

Measurement on system |7,b)

e destroys the superposition, |¢) collapses to basis state

e measurement result is inherently random

e |1)) collapses with probability \ci|2 to basis state |i)

— 1t requires a ‘clever’ combination of superposition, entanglement, AR

and interference to make use of quantum computing

State manipulation:

0

Reversible (unitary operators), e.g. flip amplitudes with X = [ |

i
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Quantum Computing
Making it more visual: Quantum Circuits

Step 1: Hadamard gate on first qubit

B

(H ® I)|00) — (%

0) —

H

]

00)+|11)

\/5

0)

L/

Creating maximally entangeled Bell state
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0
0
0
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Step 2: Controlled-NOT' gate in both qubits
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5 2(]00) + [11))

1

0
1
_0_

Measurement:

2= (/00) + [11))
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Quantum Computing
Promising prospects, but currently still quite limited

Provable Quantum advantage (potentially) exists in several areas:

0) {H} “E:
e Material Science o C.ryptogf.raphy — wrt|
e Optimization e Simulation o) -] . =

) —+~—vHoa' b v —
Subroutine of Shor’s algorithm

e Machine Learning ® ...

Currently only ”Noisy Indermediate-Scale Quantum” (NISQ) devices

e Quantum systems are very instable (< error correction)

e Largest quantum device only has 433 qubits (< enigneering overhead)
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Quantum Reinforcement Learning
Variational Quantum Circuits (VQCSs)

qo : |0) —{state encoding R«(60,0) H Ry(fo,1) — Rz(6o,2) i A
q: : |0) — state encoding ﬁ—% R(61.0) H Ry(01.1) H R=(612) : e
g : |0) — state encoding - L R«(602,0)  Ry(02,1)  Rz(f22) : A
qs : |0) — state encoding i B— Re(030) HH Ry (03.1) I R(32) |— %
& 0 p’fq.
0 1 2 3
Figure: VQ-DQL with four qubits and one learnable block
® depends on specific task ¢ target of iterative optimization
® (in general) not learnable e CNOT gates for entanglement
Measurement ¢ |earnable single-qubit rotations
e used for action selection e could be repeated several times
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Quantum Reinforcement Learning
Variational Quantum Circuits (VQCspHow and Why?

AVQCsarepot entially more
| Reward function approximatorsthen DNNSs:

Access to exponentially large Hilbert space
Reduction in parameter complexity

Take Environment

. action Reduction in sampling complexity (less
§ paramster @ interaction with environment)
Observe state Al l ow to work with I

https://towardsdatascience.com/self-learning-ai-agents-iv-
stochastic-policy-gradients-b53f088fce20

A Allow to make use of NISQ hardware
Beli eved to somewhat

Replace Function Approximator!

—

qo : |0) — state encoding i Rx(6o.0) = Ry (60.1)  Rz(6o.2) i __} and adapt tO nO|Se

q1: |0) — state encoding | : R(610) FH Ry(611) H Re(B12) — |-~ -

g : |0) —| state encoding : vt Ri(62,0) 1 Ry(62,1) F Rz(62,2) :

mo ~tate encoding | BN | | [T U More on concrete working principles later!

L
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Quantum Reinforcement Learning
Outlook: A broad field with many different ideas

Classical Compute Resources NISQ Resources

today

Universal, "ault-Tolerant and Error-Corrected Quantum Processing Unit

classical

ficlization quantum

Quantum-inspired RL Algorithms VQC-based Function Approximation

Algorithm

RL Algorithms with Quantum

Subroutines Full Quantum RL

. e .- VQC-based Critic
Amplitude-Amplification-based

Quantum Policy Iteration (cherrat et al) Quantum Policy Iteration (wiedemann et al)

Action Selection

I VQC-based Actor I

Quantum Value Iteration Oracularized Environments

VQC-based Actor-Critic

Projective Simulation Quantum Gradient Estimation

VQC-based Multi-Agent RL

VQC-based Distributional RL

Boltzmann-Machines for Function
Approximation

N. Meyer et al., A Survey on Quantum Reinforcement Learning,
arXiv:2211.03464 (2022).
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General
Concept

AQuantum Computing
AQuantum Reinforcement Learning

APolicy-based Reinforcement Learning
APolicy Gradients

Concrete
Algorithm

AQuantum Policy Gradients
AExtension #1: Classical Post-Processing
AExtension #2: Quantum Natural Gradients
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Policy-based Reinforcement Learning
Recap: Where it fits in the grand scheme

Experience Data Demonstration Data

o e N

. Learn Value . Learn Value
Learn Model Learn Policy Function HE el Function

7 T !

s ey |

\ 4
[ Policy Search / ]
Planning

Model-based
Reinforcement
Learning
QSearch /
Value-based
Reinforcement
Learning
Inverse
Reinforcement
Learning

Policy Gradients
Imitation Learning
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Policy-based Reinforcement Learning
Recap: Where it differs from valugunction approximation

A Instead: Directly parameterize the policy
(i) n(di

A We still focus on model-free reinforcement learning

Ne>’<t State ( Poli cy
‘) 1 c@lie)

Action

Environment } (@)

(
Reward L
(Yi oA )

Goal: find P that maximizes long term reward

\
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Policy-based Reinforcement Learning
Recap: Advantages and Disadvantages

Advantages
A Good convergence properties
A Easily extended to high-dimensional or continuous state and action spaces
A Can learn stochastic policies
A Sometimes policies are simple while values and models are complex
A e.g., rich domain, but optimal is always to go left

Disadvantages:

A Susceptible to local optima (especially with non-linear FA)

A Obtained knowledge is specific, does not always generalize well
A Ignores a lot of information in the data (when used in isolation)

\
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Policy-based Reinforcement Learning
Recap: Stochastic policies

We have seen deterministic policies like this:

State gives 0 (i k3P ) and we selected “ () by AOC 1 @& @dp

Instead, stochastic policies do something like this:

“(¢8)  ~las

(policy is represented as a probability distribution)

U optimal policy might be stochastic

17

Reward

Take

O
parameter 6

action

Observe state

Environment

https://towardsdatascience.com/self-learning-ai-
agents-iv-stochastic-policy-gradients-b53f088fce20

m(als)
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Policy-based Reinforcement Learning
Recap: Smooth policy improvement

A Learn directly a policy without calculating value functions in between
A Why?

A Greedy updates o
— AOCIOA@D (ihw

@ @ @ @ Potentially unstable learning
process with | arge pol i

Small Large Large Large
Change Change Change Change
Reminder:
A Smooth updates )
_ — || o " %{ rioriori E R
@ @ @ @ Stable learning process with
smooth policy improvement
Small Small Small Small
Change Change Change Change

\
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Policy Gradients
Recap: Maximize expected reward?Z

A Assume a state-action sequence in a complete trajectory with 4 steps (with i being a terminal state):
t @RI o h)

A As usual:
A "Y(i hY) is the reward received after observing i and performing action &
Adt h B 1 'Y(i hd)isthe (discounted) sum of rewards (return)

A Our goal is to maximize the expected reward:

| AW Qb

(where “ is a parameterized policy, e.g., a neural network)

\
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Policy Gradients
Recap: Z via gradient ascent

A But how do we maximize this?
A Gradient Ascent! Suppose we know how to calculate the gradient w.r.t. the parameters:

Mx Q@
an Policy Gradient

often in literature

A Then we can update our parameters —in the direction of the gradient: »
referredtoas u"“ )

—N — | Vv, ah

A Search for a local maximum in &= by ascending ,
the gradient of the policy w.r.t. the parameters — 0=

'
y— '—)/T

|
step-size — T

ECD

\
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Policy Gradients
Recap: Reformulating the gradient

Let 0 (ts) be the probability of a trajectory T under policy “ , then
Intuition: The gradient tries to

A Increase probability of paths with

My "amh 0(t$2"a)

= positive "O
= o ) A Decrease probability of paths with
My (1 T0CsH'at)) negative "O

W I T“C(dhg Yot

-BB 1 1“GHg yah

-B B I 1“Clodg )B  Yi hd) o

Pieter Abbeel. DeepRL Bootcamp 4A Policy Gradients.
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Policy Gradients
Recap: REINFORCE

REINFORCE: Monte-Carlo Policy-Gradient Control (episodic)

for .

Input: a differentiable policy parameterization w(als, )
Algorithm parameter: step size a > ()

Initialize policy parameter 8 € RY (e.g., to 0)

Loop forever (for each episode):
Generate an episode Sy, Ag, R1,...,S7_1, Ar_1, Ry, following = (-|-, )
Loop for each step of the episode t =0,1,...,7 — 1:
G Zg:t—k] YR,
0 «— 6 +ay'GVInn(AS;, 0)

22

Sutton, R. S., & Barto, A. G. (2018). Reinforcement learning: An introduction. MIT press.
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Policy Gradients
Recap: Natural Policy Gradients

A First-order derivatives approximate the (parameter) surface to be flat
A But if the surface exhibits high curvature it gets dangerous
U Small changes in parameter space might lead to large changes in policy space!

What we essentially do What we want to do
(optimization perspective on 15t order gradient descent) (incorporate 2" order information)
—N AJCA@ - U, subjectto||— —H 7 —N AJCA@ - O, subjectto ||— T
AN — | ¢ u(— with e.g. KL-divergence
(a)*Vanilla’ policy gradients (b )Natural pullcy gradlents
b 0.5z T 1 Vi L 0.5
& 04% L N & 0.4
i 1 .
g o03” f-ﬂ%_f g 03
2020 11T \ 8 021
5 RN 5
A0 | N R A B 01— -~ -
LﬂH*Ulllll!iI LEOO
-2 -1.5 -10 =05 00 =2 —15 1.0 —0.5 0.0
Controller gain 6,=k Controller gain 0,=k

Peters et al.: Natural Actor-Critic. 2018
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Outline
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General
Concept

Recap

Concrete

Algorithm

AQuantum Computing
AQuantum Reinforcement Learning

APolicy-based Reinforcement Learning
APolicy Gradients

AQuantum Policy Gradients

AExtension #1: Classical Post-Processing
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Quantum Policy Gradients

BQuanti fiedb version of REI NFORCE
(Hybrid RL agent) B  Classical environmentj\
State s
QUJg 1
I I n__ Action a
s |0 |~ Te(als)
% |0) | (Oa)s,8<\
L ",
g 0) J ) i Vg logmg
g . J/
a,
L
i CPU Policy gradient algorithm / Reward r
= e.g., REINFORCE (see Alg. 1) ' Environment dynamics
e.g., an MDP
- / - /

25

S. Jerbi et al., Parameterized Quantum Policies for Reinforcement Learning,
NeurlPS 34, 28362-28375 (2021).
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Quantum Policy Gradients
Replace functionapproximator

Parameterized policy: mg : S X A — [0, 1]
Update parameters via gradient ascent: @ < 0 + « - Vg J(0)
Policy gradient theorem: Vg J(0) = E,,

26

parameter 6

Reward

Observe state

Environment

https://towardsdatascience.com/self-learning-ai-agents-iv-
stochastic-policy-gradients-b53f088fce20

H—-1
t=0

Velnmg(as | s¢) - (Gt — b(s¢))
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Quantum Policy Gradients .

How to encode the environment state into the quantum circuit? [1/2] (OptIOHaHY) TEImMoves
— global phase
computational encoding: encode binary representation of state

" state 11 ™52 (1,0,1,1) a0 10) —[Ru(m) H{ Rulm) -—
2 |6 |10 times ai - 0> T RX(O) RZ(O) _i—
~ (m,0,, ) — ¢2:10) — Ru(n) [ Rel(7)
ST enggdejlom ¢ |0) — R(m) RZ(W)E—
10) 0) 0
"’\\ T N R.(7)Ry(r) |0) = (—ic.)(~io.) |0)
B~ (FE o (S = (—io,)(—i)[1) =
A8 A ) ==
[1) 1) 1)

1
o =
N
}—L
1

0 1
1 0O
2 ~ Fraunhofer
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Chen et al., Variational Quantum Circuits for Deep Reinforcement Learning, IEEE Access 8, 141007-141024 (2020).
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(optional) scaling

Quantum Policy Gradients
parameters

How to encode the environment state into the quantum circuit? [2/2]

angle encoding: encode each (rescaled) state element as rotation on a qubit

Ry,(Aio - s0) H R.(Ai1-s0)

4-dim state (z, z, 0, 9)

rete 1o range |0, 27)

Ry(Xiz-s1) f  ReXis-s1)

b R'y ()"i_-Qn—? ' Sn—l) i RZ(A'{'—,QTL—]_ : Sn—l) B

encode . .
A via rotation

< left

Lockwood and Si, Reinforcement Learning with Quantum Variational Circuits, AAAI Conference on Al and Interactive Digital Entertainment 16.1 (2020).

amplitude encoding: encode into amplitudes of [) = Y ¢; i), 5 le;|” =1

learned encoding: allows to incorporate more concrete objectives

\
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Quantum Policy Gradients
Learnable parameters and gradients

29

we measure the expectation value (O)
of some observable O at the end

USE (dg) Uenc(s, Ao) \

. - - - - ! - - 17— - - - = = 1

|0}[} 1 H HH Rz(qf’l:l,ﬂ) B Ry(¢ﬂ,4) R*y(/\ﬂ,ﬂsﬂ) — R (/\0,45(}) —H T —,/74 Z[]
| |

0}, 1 H fif{ R=(¢0.1) { Ry(¢o5) | y(Aoas1) HR:(Qoss1) [ - —A Z
' | Usnt (1) | | Uenc(s; A1) | | Usni®(p2)

0y, 4 H i R=(do,2) H Ry(Pos) (Ao,282) H R=(Ao682) H .- — A Z,
| |

0)s 1 H fy R=(d0,3) H Ry(Po,7) »(A0,383) H R=(Xo,783) H — A Zs
—— e J

S. Jerbi et al., Parameterized Quantum Policies for Reinforcement Learning, NeurlPS 34, 28362-28375 (2021).
Computing gradients is not possible directly [ty N \‘@4"5

— wave function collaps

but can use parameter-shitt rule:
(special case of finite differences)

—(0-TIN

147 e

2o

GFO\A]&Y\"-: V,}(Ei) ‘—”—‘J\Kﬂ) - (F‘ﬂ

https://pennylane.ai/gml/demosi/tutorial_stochastic_parameter_shift.html
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Quantum Policy Gradients quantum state prepared by

Measurements and policies [1/2] encoding and variational layers

How do we obtain information from the quantum state |¢; )7

Measure some observable (Hermitian operator) O 1A 2
— observe one of the eigenvalues 1A 2
. . A z

— quantum system has collapsed to associated eigenstate
1A Zs

— multiple measurements retreive expectation value (O)

. . . L 1
Typical procedure: Measure in computational basis with O = o, = [ . }

— collapses to one of the basis states [0---00), |0---01), ---, [1---11)

\
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Quantum Policy Gradients
Measurements and policies [2/2] action-associated projectors

- onto computational basis states

This can be used to define the policy: /

mo(als) = (Pa), g
raw-VQC policy

An alternative approach with arbitrary observables:

b

T (a|8) eﬁ<oa>s,9
0 — :

20t €°{0a) g inverse-temperature
softmax-VQC policy parameter

S. Jerbi et al., Parameterized Quantum Policies for Reinforcement Learning, NeurlPS 34, 28362-28375 (2021).
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Quantum Policy Gradients
Some experimental result

In simulation, no quantum hardware!

32

b w [N n
o o o o
o o o o

Average collected rewards
=
o

CartPole-vl (n =4, Depe = 1)

- goftmax-PQC
raw-PQC

0
0

Episode

S. Jerbi et al., Parameterized Quantum Policies for Reinforcement Learning, NeurlPS 34, 28362-28375 (2021).

250 500 750 1000 1250 1500 1750 2000

o>

/ =

(b) SL-PQC

- (a) PQC labeling

function

- goftmax-PQC
- DNN

600

Episode

800 1000
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Quantum Policy Gradients
(Empirical) parameter complexity

33

Not supported by theory
or larger-scale experiments,
take with grain of salt!

: . Complexit
Algorithm Encoding (n = size of input,pN = I:rgest value)
Tabular Q-Learning O (n°)
DQL O (n®)
computational O(n)/O(n-log(N))
scaled O(n)
va-bal directional O (n)
amplitude O (log(n))

Lockwood and Si, Reinforcement Learning with Quantum Variational Circuits, AAAI Conference on Al and Interactive Digital Entertainment 16.1 (2020).
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Quantum Policy Gradients | | _ | .
Provable quantum advantage required interactions with environment

Exponential advantage in sampling complexity for (artificial) problem!

a log,(Z;) b z;

s
A 12 oAl 2
p ?

QPG agent 1s able to identify
structure in data, that has been

scrabled with discrete logarithm

Y. Liu et al., A rigorous and robust quantum speed-up in supervised machine learning, Nat. Phys. 17, 1013-1017 (2021).

— unfortunately far beyond capability of NISQ) devices
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Extension #1: Classical Post-Processing
| mproving convergence by Bgoodb mapping from be:

“ environment
e _
- | action Jay
state‘sf
)_,—L
N u _>© classical
}—L
T ven [ ve =2
H Ve I O
e
. ! O | b
processing
variational quantum circuit T

N. Meyer et al., Quantum Policy Gradient Algorithm with Optimized Action Decoding,
40t International Conference on Machine Learning (ICML), Honolulu, Hawaii, USA (2023).

\
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Extension #1: Classical Post-Processing
Overview QPG algorithm

36

environment

+—

action I a+

State¢st

U (st, ) U(6)

variational quantum circuit

classical

®

post-
processing

1. Quantum state is measured in
the computational basis

2. Results are post-processed

with a function maximizing our
proposed globality measure

3. An action is selected
l------------------1
] 4. Update of the parameters
I utilizes the same post-
: processing scheme

\

~ Fraunhofer

lis



Extension #1: Classical Post-Processing
Different possibilities to partition basis states

mo(a | s)

— <7vbs,9 |zueva v) (V]
=2 vev, (Wso | v) (v

2

— Z@ |Ca7;

¢3,9>
¢8,9>

remember that ) . o? =11

37

7 .
Vs 0) = |q0q1g2) = > ;g Ci|i)

prepared quantum state

Action O Action 1
OOO) 100)
V&_loc _ 001) % loc _ 101) 0=
OlO) 110)
011) 111)
Action O Action 1
OOO) 001) _—
glob _ 011> Vglob L 010> a = @%
Vo = 1 = -
101) 100) 1=0
110) 111)
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Extension #1: Classical Post-Processing b=20b,_1b,_9---bg
Switch from basis states tditstrings Measured bitstring

Post-processing function: f¢: {0,1}" — {0,1,--- ,|A| — 1}
such that fe(b) = a, iff b € C,

partition C, C C associated with action a

fe(b)=a
mo(a|s)= > (Vs |b)(b|vse)

be{0,1}"

1 KZ—:l
~ K 04 (b()) =
K s fc(b i )—a

Z Fraunhofer
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: : : _1)@ & ®Xn —

Extension #1: Classical Post-Processing ~ d—loe _ (ZD*{$a,0|Z%9QI%" 7145 0) +1
: : : 0 2

Introducing globality measure [1/2]

— A — —]

‘O>®n ) US:Q |O>®n ) o Us 0

Thi s consi derati on ha

: o 10) ™« Us.0
A only describes border cases for [0] ¢

A global measurement can be expressed o
as local measurement on ancilla qubit:

[
3V
[AA)
N
[R)
3
T

39
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Extension #1: Classical Post-Processing
Introducing globality measure [2/2]

Example
Ca—o = {0000, 0010,0100,0110}
Ca—1 = {0001,0011,0101,0111}

Co—o = {1000,1010,1101,1111} ¥ U Bebnt of nforma
3 nt of information
Ca=3 = {10017 1011, 1100, 1110} necessary to have an unambigious

distinction between actions 3

Effc (0111) = 2 (0111 - Ca:1)
EI;,(1010) =3 (1010 € Cy—s)

— at least log,(|.A]) bits

\
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