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Ĥ(λ)

X

Maschinelles Lernen/ 
Künstliche Intelligenz

KI für QT



Neuronale Netze
Anwendungen in 
Wissenschaft und Physik
Anwendungen für 
Quantencomputer
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(Trainingsbilder)

(Picture: Wikimedia Commons)

"Glühbirne"



(dieses Bild wurde nie
zuvor vom Netzwerk
gesehen!)
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"Glühbirne"



1.2 Millionen Trainingsbilder

2012:  Ein neuronales Netzwerk schlägt andere 
Verfahren im "ImageNet" Wettbewerb

Pictures: image-net.org



Spracherkennung, Steuerung von Robotern,  
Auswertung von Satellitenbildern, …

Zahlreiche Anwendungen in der Technik:

…und in der Wissenschaft!



Das Training 
eines Netzwerks
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Training: Verändere Stärke der 
Verknüpfungen, um näher an die 

"korrekten" Ergebnisse zu kommen!









Sehr oft(!), für viele verschiedene Eingangswerte:  
1. Netz berechnet Ergebnis 

2. die Abweichung vom korrekten Ergebnis wird  
verkleinert durch Anpassung der Gewichte 



Beispiel: Lernen einer Funktion von 2 Variablen
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http://yann.lecun.com/exdb/mnist/

Zweites Beispiel: Bilderkennung

“MNIST” Datensatz (für Postleitzahlen)

http://yann.lecun.com/exdb/mnist/


0 1 2 3 4 5 6 7 8 9
0 0 0 0 0 0 1 0 0 0

Eingang: Bild
28x28 Pixel 

(=784)

Ergebnis: Klassifizierung
des Bildes



Vorsicht!



Das Training eines neuronalen Netzes ist ein sehr 
komplizierter und zufallsgelenkter Prozess (nicht gut 
verstanden!)

Es kommt entscheidend auf die Qualität und Quantität 
der Trainingsdaten an

Ein gut funktionierendes Netzwerk ist kein Ersatz 
für elementares Verständnis der Daten

Die Interpretation eines Netzwerks ist schwierig

! Vorsicht
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…und alle Gebiete, wo 
große Datenmengen 

verfügbar sind!



Anwendungen 
in der Physik

(besonders seit 2016)



Klassifizierung von Galaxien
Bilderkennung, zum Beispiel:

(Bild: Wikipedia, Ville Koistinen) 



Magnetismus
Bilderkennung, zum Beispiel:







"ungeordnet"

"Phasenübergang"
Temperatur

“geordnet”

Erkennen verschiedener "Phasen" 
von Materialien
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Physikalisches Mess-Signal

Zustand des Quantensystems

Neuronales Netz

Messungen auswerten

(pictures: Siddiqi group, Berkeley)

Zeit



Selbständiges 
Lernen



Lehrer Schüler

"Überwachtes Lernen"

Endergebnis: wird nie besser werden als
der Lehrer

!
!

(der Normalfall für neuronale Netze)



Schüler (oder Wissenschaftler)
(probiert Dinge aus und wiederholt, was gut läuft)

"Eigenständiges / Verstärkendes Lernen"

?

?

?

Kann beliebig gut werden!
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Aktion
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(New York Times 2017)

(Spiegel 2017)



Aus unserer 
eigenen Forschung: 

Beispiel 
Quantenfehlerkorrektur

(Arbeit mit
Thomas Fösel, Talitha Weiss und Petru Tighineanu)



Quantencomputer



qubits

Quantencomputer
Sollen zukünftig spezielle Aufgaben  
extrem viel schneller bearbeiten können
als normale ("klassische") Computer
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(Beispiel: Atom)



qubits

Quantencomputer
Sollen zukünftig spezielle Aufgaben  
extrem viel schneller bearbeiten können
als normale ("klassische") Computer

Überlagerung: 0⟩ + 1⟩



qubits

Quantencomputer
Sollen zukünftig spezielle Aufgaben  
extrem viel schneller bearbeiten können
als normale ("klassische") Computer

Überlagerung (viele qubits):
0000⟩ + 0001⟩ + 0010⟩ + … + 1010⟩ + …



50 qubits

(Google)



(Google)



(Google)

(sehr kalt)



Beispiel: 
Bessere 
Quantenspeicher



Rauschen

qubits

Das Problem: Rauschen führt zu
Fehlern im Quantencomputer 

…brauchen: Fehlerkorrektur!



qubits

Neuronales
Netzwerk Aktion

Beobachtung

Rauschen

Unsere Idee: Ein Netzwerk findet
eine gute Strategie gegen die Fehler



qubits

CNOTBitflip Messung
Aktionen:

Messergebnis
Rauschen

Neuronales
Netzwerk



Rauschen

qubits

CNOT

CNOT

Messung

Qubit  initialisiert

CNOT

Zeit



nach 60 Trainingsschritten

nach 160 Trainingsschritten

am Ende des Trainings

findet einen guten
"Code"

vermeidet zerstörende
Messungen

entdeckt clevere
Messungen

korrigiert Fehler

Das Netzwerk…

Fösel et al. 2018



Realizing a deep reinforcement learning agent discovering real-time feedback control
strategies for a quantum system
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To realize the full potential of quantum technologies, finding good strategies to control quantum
information processing devices in real-time becomes increasingly urgent. Usually these strategies
require a precise understanding of the device itself as a starting point. Reinforcement learning
promises to overcome this challenge by discovering control strategies from scratch without relying on
a model of the quantum system. Here, we implement a latency-optimized deep neural network on a
field-programmable gate array (FPGA) and demonstrate its use as a real-time reinforcement learning
agent to e�ciently initialize a superconducting qubit into its ground state. The agent repeatedly
measures the state of the qubit and chooses on a sub-microsecond time scale whether to idle, to
apply a bit-flip gate, or to terminate. After the agent chooses to terminate the initialization process,
we perform a validation measurement to infer the probability of having successfully initialized the
ground state. To train the agent, we use model-free reinforcement learning that is based solely
on measurement data. We study the agent’s performance in di↵erent situations, specifically for
high-fidelity, low-fidelity and three-level readout, and compare with simple strategies based on
thresholding. This development paves the way towards widescale adoption of reinforcement learning
for real-time feedback control of quantum devices and more generally any physical system requiring
low-latency and learnable feedback control.

Future quantum information processing devices will
rely crucially on the ability to continuously monitor their
state via quantum measurements and to act back on them,
conditioned on prior observations and on timescales much
shorter than the coherence time. Such real-time feedback
control of quantum systems, which o↵ers applications e.g.
in quantum error correction [1, 2], qubit initialization [3–
5] and gate teleportation [6, 7], typically employs linear
filtering and thresholding techniques [1–5] and relies on
an accurate model of the underlying system dynamics.

With the increasing number of constituent elements in
quantum processors such accurate models are generally
not available. Model-free reinforcement learning (RL)
[8, 9], which has been successfully used to learn tasks
associated with classical systems, for example in board
games [10, 11], locomotion [12] and nuclear fusion research
[13], promises to overcome such limitations by learning
feedback-control strategies without prior knowledge of
the quantum system [14–17]. Experimentally, RL has so
far been used to design error-robust quantum logic gates
[18] and to accelerate the tune-up of quantum dot devices
[19]. However, in both of these pioneering experiments
[18, 19], the RL agent did not perform real-time feedback
control.
Here, we realize an RL agent which interacts with a

quantum system on a sub-microsecond timescale thereby
enabling its use for real-time feedback control. We imple-
ment the agent using a novel low-latency neural network

⇤ kevin.reuer@phys.ethz.ch
† christopher.eichler@phys.ethz.ch

RL Agent

RL Trainer
PC

Training Execution

actions a

observation sobservations

actions

reward

optimize
strategy

update NN
parameters

FPGA

 RL Environment
transmon qubit

|ψ
<1 μs

Figure 1. Concept of the experiment. An RL agent (red)
realized as a neural network on a field-programmable gate
array (FPGA), receives observations s (blue) from a quantum
system, which constitutes the RL environment. Here, the
quantum system is realized as a transmon qubit coupled to a
readout resonator fabricated on a chip (see photograph). The
agent processes observations on sub-microsecond timescales
to decide in real time on the next action a (green) applied to
the quantum system. Training of the agent is performed by
processing experimentally obtained batches of training data
on a PC.

architecture on a field-programmable gate array (FPGA),
which contributes only 48 ns to the total latency and
is capable of repeatedly measuring and acting on the
qubit. As a proof-of-concept, we train the agent using
model-free RL to initialize a superconducting qubit into its
ground state without relying on prior knowledge about the
quantum system. In repeated cycles, the agent acquires
measurement data, processes it and flips the qubit condi-

RL-environment

RL-agent

pulses

measurement

qubit

NN 
FPGA

real-time feedback control 
via deep reinforcement learning

< 1 microsecond cycl
e

Reuer et al, arXiv:2210.16715

Erste Schritte im Experiment: Qubit-Kontrolle



Zukunft: 
Optimiere 
Quantenalgorithmen 
durch neuronale 
Netze!
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Figure 4. Extrapolation to 50-qubit random circuits. The
agent has been trained on 12-qubit circuits (cmp. Fig. 3), no
further learning updates are performed here. (a) shows the
comparison between an unoptimized example circuit (after
pruning) and the result of the optimization by the RL agent.
(b) shows the progress of the agent in reducing depth d and gate
count n over the course of 2500 transformations. (c) shows the
corresponding curves for simulated annealing, which requires
almost 100000 transformations to achieve a comparable degree
of optimization (the computation was terminated after 1 week,
at transformation 93000).

two quantities is comparable to the smaller circuits it has
been trained on (cmp. Fig. 3).
Simulated annealing arrives at similar values, hdi =

112.72 ± 0.24 and hni = 1583.0 ± 7.3, within 93000
transformations. These are much fewer transformations
than required to optimize the smaller random circuits in
Sec. IIIA, probably because here the random expansion
step has been skipped. Nevertheless, 93000 transforma-
tions for each larger random circuits here have already
taken one week (our termination criterion), which is com-
parable to the time needed to train an RL agent. Af-
terwards, this agent can optimize arbitrary circuits, in a
relatively short time (3 . . . 5 h in this case).
Our results show that an agent can actually extrapo-

late its knowledge to larger circuits. More generally, they
demonstrate that our approach, both with RL and simu-
lated annealing, works deep in the quantum supremacy
regime. Furthermore, this also highlights a situation
where optimizing even a single circuit with simulated an-
nealing needs already a runtime comparable to the full
training of an RL agent and subsequently optimizing the
particular circuit.

Figure 5. Optimization of QAOA-MaxCut circuits. (a)
indicates how to translate the MaxCut problem for a graph
into a quantum circuit following QAOA, and how to e�ciently
compile this logical circuit into our gate set. We display one
of M cycles which form the full circuit, each with a di↵erent
set of parameters (�c,�c) whose values are refined during the
QAOA algorithm. (b) shows the compiled circuit for C = 2
cycles and an all-to-all-connected graph with 6 nodes, which
has depth d = 75 and gate count n = 142 (top). Using a
generic agent trained on random circuits as in Fig. 3, we find
(by postselection) improved circuits with d = 68 and n = 138
(middle). A specialized agent trained on this particular circuit
can further optimize it to d = 66 and n = 138 (bottom).

C. QAOA-MaxCut circuit

As an example for a real-world quantum algorithm,
we now consider the MaxCut problem. The goal is to
arrange the nodes of an undirected, non-weighted graph
into two groups such that the amount of cut edges is
maximized. Finding the exact solution is an NP-hard
problem. Following the quantum approximate optimiza-
tion algorithm (QAOA [7]), approximate solutions can
be found with the help of a quantum circuit consisting
of repeated cycles of ZZ gates and local X rotations with
variable angles [48] (cmp. Fig. 5a). We consider the
same gate set as in the examples above, such that we can
reuse the previously trained agent. Also, this covers the
realistic situation where the native gates of the quantum
algorithm do not necessarily match the native gates of
the hardware. Fig. 5a shows an e�cient compilation of
this circuit into our gate set, where ZZ gates need to be
decomposed into CNOTs and local Z rotations (local X
rotations are a special case of Phased-X gates). Note
that the variable angles of the gates do not a↵ect the
optimization strategy, as long as we assume these angles
to be generic (i. e., not set to special values which would

time
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momentqubit
index

gate
class

10

observation for circuit=state s
agent=

convolutional neural network

channel
index

moment

qubit
index

momentqubit
index

transformation rule

policy ⇡(a|s)
P

state value V (s)

Figure 2. Deep convolutional network architecture of our RL agent. As observation, the agent receives a complete description
of the state s, i. e., the quantum circuit. The input neurons are arranged on a 3D grid, whose axes correspond to qubit index,
moment and gate class. This information is processed through a stack of multiple convolutional layers, where qubit index and
moment are treated as spatial dimensions and the gate classes as input color channels. For the output, the agent computes two
quantities: (i) The policy ⇡(s|a), according to which the actions a in state s are probabilistically chosen. Every action, i. e.,
circuit transformation, is mapped uniquely to one policy output neuron; the remaining neurons are disabled with an action
mask. And (ii), the state value V (s), which helps to update the policy ⇡(s|a) more e�ciently during training. For us, V (s) has
the meaning of the optimization potential for the circuit.

indicate the underlying rule, we can achieve an injective
mapping from transformations to output neurons (for the
policy). Therefore, also these neurons are arranged on a
3D grid, whose axes correspond to qubit index, moment
and transformation rule. There can be neurons to which
no transformation is associated; we disable them with an
action mask, whose value changes with the input circuit.
Besides solving the problem to keep the total number

of output neurons at a moderate level, another central
advantage of this format is that we can exclusively use con-
volutional layers [45] to process the observation into the
policy, treating qubit and moment as spatial dimensions,
and the remaining grid axis (gate class and transforma-
tion rule, respectively) as input “color” channels. Also
to compute the state value, we use convolutional layers
(with one output channel), and eventually average over
the spatial dimensions. Fig. 2 illustrates the architecture
of our deep convolutional network. The weight sharing in
the convolutional layers contributes to e�cient and robust
learning, and a fully convolutional architecture will allow
us to directly extrapolate to di↵erent circuit sizes (see
Sec. III B).

F. RL problem classification

The RL problem in this article can be classified as a
Markov decision process (MDP) with perfect information
(since the circuit representation, which is given to the
agent as its input, completely describes the state of the
environment). The set of all circuits comprises the state
space. The set of possible circuit transformations repre-

sent the action space, which is therefore discrete, and its
size depends on the state, i. e., the circuit. The environ-
ment is deterministic: a fixed transformation (action) on
a fixed circuit (state) always leads to the same outcome.
Because the goal is to optimize a property which can be
evaluated for any single given circuit, we can construct
an immediate reward scheme (as opposed to situations
where the reward is given only at the end of an episode).

III. RESULTS

In exploring the power of our RL approach, we need
to select both a specific architecture (available gate set,
processor layout, qubit connectivity) as well as the family
of quantum circuits on whose optimization we want to
focus.
Gate set For our simulations, we consider the gate set
consisting of Z-Rotation, Phased-X and Controlled-Not
(CNOT) gates. Together, they form a universal gate
set. Whereas Z-Rotation and Phased-X are actually gate
classes parameterized by 1 and 2 continuous variables,
respectively, the CNOT is one fixed gate.

For our purposes, Z-Rotation, Phased-X and CNOT is a
decent gate set because on the one hand, it induces a rich
set of relatively simple transformation rules. On the other
hand, they are quite similar to current real-world quan-
tum hardware, such as Google’s Bristlecone (Z-Rotation,
Phased-X and Controlled-Z gate [46]) and Sycamore
(Z-Rotation, Phased-X and fermionic simulation gate
[9, 47, 48]) processor: The CNOT gate di↵ers from the
Controlled-Z gate only by local gates (e. g., Hadamard or

Transformationsregeln
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therefore does not rely on a teacher, it often achieves
super-human performance in situations where such a com-
parison can be made.

In recent years, RL has also been proposed for several
problems in the field of quantum computing. Examples
include quantum phase estimation [28], the design of quan-
tum experiments [29], quantum control [30–33], quantum
error correction [34–37] (alongside other machine learning
approaches [38–41]), and quantum metrology [42, 43].

In this work, we introduce deep reinforcement learning
for quantum circuit optimization. Our approach enables
the computer to autonomously discover strategies for
reducing the depth and gate count of quantum circuits,
for arbitrary gate sets and connectivity. It allows to choose
the optimization target at will and permits extrapolation
of the discovered strategy to larger circuits. Due to its
flexibility and generality, the RL approach proposed here
has the potential to become a valuable component of the
toolbox needed to unlock the power of NISQ devices in
the near future.

II. TECHNIQUE

A. Quantum circuit optimization as reinforcement
learning problem

The goal of RL is to discover strategies for decision-
making problems. This is described by an “agent” inter-
acting with the rest of the world, the “environment”. In
several rounds, the agent receives information from the
environment and, in response to this observation, chooses
an action which alters the state of the environment. The
agent is supposed to adapt its strategy so as to maximize
a success measure, the “reward”. More information is
provided in Sec. II C.
In the spirit of previous RL applications to quantum

problems [28, 30–34, 42, 43], the obvious approach seems
to let the agent build a circuit gate by gate to implement
a certain target operation. However, this would come
with two central problems here. First, it is extremely un-
likely to find a suitable circuit by chance, so an untrained
agent would in practice probably never see a positive
reward signal. This problem is exacerbated by the fact
that the gate set is typically not discrete, but gates can
depend on continuous parameters. Second, in the par-
ticularly interesting quantum supremacy regime where
the circuit cannot be simulated on a classical computer,
there is the problem that even if one had found a valid
circuit, verifying its correctness would be very hard and
computationally expensive. Note that some tools like ZX
calculus promise to arrive at a statement in polynomial
time, but with the two possible results being positive or
inconclusive whether two circuits are equivalent.
Therefore, we follow a di↵erent strategy that appears

more promising: In QCO, it is common to start from a
complete and correct, but typically ine�cient circuit, and
to progressively optimize it by applying a sequence of

a

circuit
optimization

original circuit
equivalent, more
e�cient circuit

agentenvironment

circuit representation
observation

circuit transformation

action

b

c

Figure 1. Overview. a) Diagram representation for quantum
circuits. Each qubit is indicated with one line. The colored
symbols represent operations (gates) on these qubits, with
time increasing to the right. b) Quantum circuit optimiza-
tion. For a given circuit, we aim to find a logically equivalent,
but more e�cient representation. c) Our reinforcement learn-
ing approach to quantum circuit optimization. Based on a
diagram-like representation of the circuit, the agent, realized
by a neural network, can choose between several circuit trans-
formations to generate another, logically equivalent circuit;
this process is repeated multiple times.

circuit transformations. However, it can be a formidable
challenge to appropriately choose these transformations,
and we make this decision the task of our agent. From the
RL perspective, this means that the states are the circuits
and the actions are the circuit transformations. By design,
this approach immediately solves the challenge to finish
with a correct, i. e., logically equivalent, circuit: we can
preserve this property for the full process by allowing in
each step only equivalence transformations. In addition,
our approach is also scalable, i. e., it allows us to operate
in the quantum supremacy regime: it is su�cient to verify
equivalence for the few operations directly involved in
an elementary circuit transformation, which is relatively
cheap as long as all operations act only on a limited
number of qubits.

Our general goal is to use RL to train a multi-purpose
agent which afterwards will be able to optimize a wide
class of circuits based on one given hardware architecture,
without going through the RL procedure again in each

Verstärkendes Lernen
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Figure 4. Extrapolation to 50-qubit random circuits. The
agent has been trained on 12-qubit circuits (cmp. Fig. 3), no
further learning updates are performed here. (a) shows the
comparison between an unoptimized example circuit (after
pruning) and the result of the optimization by the RL agent.
(b) shows the progress of the agent in reducing depth d and gate
count n over the course of 2500 transformations. (c) shows the
corresponding curves for simulated annealing, which requires
almost 100000 transformations to achieve a comparable degree
of optimization (the computation was terminated after 1 week,
at transformation 93000).

two quantities is comparable to the smaller circuits it has
been trained on (cmp. Fig. 3).
Simulated annealing arrives at similar values, hdi =

112.72 ± 0.24 and hni = 1583.0 ± 7.3, within 93000
transformations. These are much fewer transformations
than required to optimize the smaller random circuits in
Sec. IIIA, probably because here the random expansion
step has been skipped. Nevertheless, 93000 transforma-
tions for each larger random circuits here have already
taken one week (our termination criterion), which is com-
parable to the time needed to train an RL agent. Af-
terwards, this agent can optimize arbitrary circuits, in a
relatively short time (3 . . . 5 h in this case).
Our results show that an agent can actually extrapo-

late its knowledge to larger circuits. More generally, they
demonstrate that our approach, both with RL and simu-
lated annealing, works deep in the quantum supremacy
regime. Furthermore, this also highlights a situation
where optimizing even a single circuit with simulated an-
nealing needs already a runtime comparable to the full
training of an RL agent and subsequently optimizing the
particular circuit.

Figure 5. Optimization of QAOA-MaxCut circuits. (a)
indicates how to translate the MaxCut problem for a graph
into a quantum circuit following QAOA, and how to e�ciently
compile this logical circuit into our gate set. We display one
of M cycles which form the full circuit, each with a di↵erent
set of parameters (�c,�c) whose values are refined during the
QAOA algorithm. (b) shows the compiled circuit for C = 2
cycles and an all-to-all-connected graph with 6 nodes, which
has depth d = 75 and gate count n = 142 (top). Using a
generic agent trained on random circuits as in Fig. 3, we find
(by postselection) improved circuits with d = 68 and n = 138
(middle). A specialized agent trained on this particular circuit
can further optimize it to d = 66 and n = 138 (bottom).

C. QAOA-MaxCut circuit

As an example for a real-world quantum algorithm,
we now consider the MaxCut problem. The goal is to
arrange the nodes of an undirected, non-weighted graph
into two groups such that the amount of cut edges is
maximized. Finding the exact solution is an NP-hard
problem. Following the quantum approximate optimiza-
tion algorithm (QAOA [7]), approximate solutions can
be found with the help of a quantum circuit consisting
of repeated cycles of ZZ gates and local X rotations with
variable angles [48] (cmp. Fig. 5a). We consider the
same gate set as in the examples above, such that we can
reuse the previously trained agent. Also, this covers the
realistic situation where the native gates of the quantum
algorithm do not necessarily match the native gates of
the hardware. Fig. 5a shows an e�cient compilation of
this circuit into our gate set, where ZZ gates need to be
decomposed into CNOTs and local Z rotations (local X
rotations are a special case of Phased-X gates). Note
that the variable angles of the gates do not a↵ect the
optimization strategy, as long as we assume these angles
to be generic (i. e., not set to special values which would

Fösel et al. 2021 (Zusammenarbeit mit Google Research)



Künstliche 
Intelligenz 

Quantentechnologien



Ausblick



Künstliche Forschung?

x =
1

2
gt2

<latexit sha1_base64="DRvrMW149wrQO1BdnE/rsJQ6+jI=">AAAB/HicbVDLSgMxFM3UV62v0S5E3ASL4KrMjAu7EYpuXFawD2jHkknTNjSTDElGHIb6K25cKOLW7xB3unHrZ5g+Ftp6IHA451zuzQkiRpV2nA8rs7C4tLySXc2trW9sbtnbOzUlYolJFQsmZCNAijDKSVVTzUgjkgSFASP1YHA+8us3RCoq+JVOIuKHqMdpl2KkjdS287enqQtbwmSgN4Q9qK+9tl1wis4YcJ64U1Iol77edj+/9ypt+73VETgOCdeYIaWarhNpP0VSU8zIMNeKFYkQHqAeaRrKUUiUn46PH8JDo3RgV0jzuIZj9fdEikKlkjAwyRDpvpr1RuJ/XjPW3ZKfUh7FmnA8WdSNGdQCjpqAHSoJ1iwxBGFJza0Q95FEWJu+cqYEd/bL86TmFd3jondp2jgDE2TBPjgAR8AFJ6AMLkAFVAEGCbgHj+DJurMerGfrZRLNWNOZPPgD6/UHM2WXlQ==</latexit>



Hypothese Experiment

Analyse

Automatische
wissenschaftliche
Entdeckungen?

Die Zukunft?



Mehr zum maschinellen Lernen…
YouTube @florian_marquardt_physics

Reviews

https://mpl.mpg.de/divisions/marquardt-division/machine-learning-for-
physics-science-and-artificial-scientific-discovery

Krenn, Landgraf, Fösel, F.M. Phys. Rev. A 107, 010101 (2023)
Dawid et al, arXiv:2204.04198



moderne-physik.de

"Moderne Physik am 
Samstagmorgen" in 
Erlangen

(inkl. Videos zu 
manchen Vorträgen)

http://moderne-physik.de

