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Why QML?

What is QML?

Basics ingredients of ML

Variational QML (quantum neural networks)
Quantum generative modelling

Recent advances in generative QML



(Re)sources and further reading

* Book: Maria Schuld, Francesco Petruccione: Machine Learning
with Quantum Computers

* Su Yeon Chang, Marco Cerezo: A Primer on Quantum Machine
Learning (recent review)

* Pennylane demos, tutorials (pennylane.ai)
* Some images were generated by Gemini
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1. Why QML?

* Sounds cool (?)
* Algorithmic speedups for ML tasks
* ML on quantum data

* Potential for better models:
* Higher expressivity
* Better generalization

* Sampling advantage for generative models



2. What is QML?

Classification 1: algorithm & data

Classical ML R\

ML for quantum

Data type

classical

quantum

Algorithm type
classical quantum
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2. What is QML?

Classification 1: algorithm & data Algorithm type

classical quantum

Classical ML 4
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2. What is QML?

Classification 2: training & inference

Inference algorithm
TRAINING STAGE | DEPLOYMENT/INFERENCE STAGE

classical quantum
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2. What is QML?

Classification 3: paradigm
Pre-2018:

Using established quantum algorithms to

speed up ML pipelines

Grover-based algorithms

HHL-based algorithms

Require large, fault-tolerant circuits

Polinomial speedup guarantees

Grover-based Algorithms

ls) —>

Oracle _ | Diffusion
(Uy) 4 (Uy)
| e
Amplifiy target’s
probability
Markng

target state
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High
probability
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Quantum
Phase
Estimation | o

HHL Algorithm
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Controlled
Rotation
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ﬂ Inverse
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Post-2018:

Parametrized quantum circuits
Hybrid algorithms

Suitable for noisy devices (?)
More heuristic approach
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Data re-uploading circuit Communications, 14(1), 517.
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3. Basic ingredients of ML

Meaningful
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3. Basic ingredients of ML

Classical Example:
Dataset D/
Input x x — feature vector (real)
> y — binary label (0/1)

Machine learning

algorithm Feed-forward neural network

Output y Predicted label: 0/1




Feed-forward neural networks

input layer output layer

* Parametrized hypothesis class o Pt

hidden layers

* Layers of linear transformations

| ourput |

h: = W'hi™! + b!

weights
* Non-linear activation functions after each layer
+ Sigmoid + ReLU ! Tanh
p(a) = 1=z p(a) = max(0,a) p(a) = tanh(a)




Example

* Binary classification

* Samples x: feature vectors representing pictures
* Labels: 1/0 (dog / not dog)

* Train / test split




Loss function

* Quantifying empirical risk (based on training set)
* Squared error

L(fy(x),y) = (fo(x) — y)*

* Cross-entropy loss

D
L(fo(x),y) =—) _ yalogpa
d=1



Optimization (training)

* Optimize parameters to minimize loss function

* Usually gradient descent:
* Efficient algorithm: backpropagation

Adjustments of
weights through
—p a
h h back propagation
(1:1) (271) \
h

parametrised
model family

effective model family

optimisation

l

h e L
Input (1,2) (2,2) o Output
el - Output
h h
(1,3) (2,3) Layer
— d Hidden
Layers

geeksforgeeks.org



Training vs test loss

error

.

interpolation threshold

>

test error

training error

training step

empirical risk R ¢ /
training error
expected risk R/
test error

number of trainable parameters

N
7
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4. Variational QML

* Variational quantum circuits (VQC)
 Parametrized quantum circuits (PQC)
* Quantum neural networks (QNNs)



4. Variational QML

* Variational quantum circuits
 Parametrized quantum circuits
e Quantum neural networks

Input

Training set
Cost function

Ansatz

Hybrid loop 1
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e |
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. |
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P2 Optimizer |
i arg min C(0) |
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Quantum state
Probability distribution
Bitstring
Gate sequence
Quantum operator



4. Variational QML

Classical

Dataset D/
Input =

Quantum

¥

Dataset D/
Input x

Machine learning
algorithm

¥

Input encoding

¥

Processing

¥

Read out

Output y

¥

Output y

Quantum system

state preparation

4

unitary evolution

4

measurement

S—

Ansatz
(parametrized
hypothesis
class)



Context: Variational Quantum Algorithms
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Building blocks

* Parametrized quantum logic gates

R (9) — e—i%ax _ ( cos (g) B (g))
x\V) = = .. (0 9
—isin(5) cos (%) 1000
. cos (2) — sin (¢ 0100
Ry(§) = e™i1% = ( | (j) gZ)) NOT= 10001
sin (5) cos (5) 0010
9 20

Bloch sphere

1)

191) o o
o) —— ]
|g3) < R(B1)  R(62) HR(B3) - R(B4)




. 0) — xbr = 0) — Ry (x1)
Encoding data 0 IxB - 10y IR
* Data embedding techniques: |0). _Xz;TN - |0). — Rx(.xN)

* Binary encoding for binary data
* Amplitude encoding: normalized feature vector
* Rotation encoding

basis encoding of binary string (1,0 . : : . :
5 Y g (1,0), Hamiltonian encoding of a matrix A

l.e. representing integer 2 \ ‘

W) = ap|00) + a1]01) + az|10) + as|11) U — e—iHA/t
| | | |

time-evolution encoding of a scalar ¢

amplitude encoding of unit-length
complex vector (aq, a1, s, as)



QNN layers

 Parametrized layers of operations
repeated L times.
* Parametrized hypothesis class

e Different constructions based on:

* Available hardware
* Problem-specific information
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M. Cerezo et al. (2021), Nat. Rev. Phys., 3(9), 625-644



1l 10+ -
Measurement | &
o 5O M| @ = e
0)- — RPS
* Obtaining classical output \ processing |
. ZE -

* To be fixed:

* Output type: expectation value, (marginal) probability distribution, ...
* Which qubits

* Estimating expectation values / marginals empirically



Source of nonlinearity " ls., |

* Data encoding
[P (2)) = S(@)|0)

e Measurement

e K 4
(¢(,0)|0(x, 0)) \ 1)/ ondinear

linear with activation
o(z) = |2

e More advanced: measurement and feed-forward

qo |Y) — e

q1 [¥)

qz |0) — i A




Example: circuit-centric guantum classifier

FORMAL

CIRCUIT

GRAPHICAL

STEP 1 STEP 2 STEP 3 STEP 4
/ / 2
z—=o(@) || 2> ¢ =Usplx) = || 2 |@)l* || Y
k
nonlin. map unitary transform. {k}
|0>— ~~X = P (1) —Y
N U
10)
measure- post-
state prep. model circuit ment process.
Yo
Lo
0 =
: L 2
TN -
=02 a0,
YK | |2
feat. map nonlinear thrg—
; linear layer layer sholding

M. Schuld, et al. (2020). PRA, 101(3), 032308.



Are these models expressive?

— layer 1 — — layer 2 — — layer L —

o T

[

W)
“n
Si
w2

| trainable
w1 \ . .
&, —_ | circuit block
w9
N A VAV
data encoding
w3 circuit block
C3 —

Data re-uploading

M. Schuld et al. (2021), PRA, 103(3), 032430



Hybrid training loop

0 500 1000 1500 2000
Epoch

Input

Training set
Cost function
Ansatz

Hybrid loop l

e e o i e e S |

Quantum computer

Updated parameters

Optimizer
arg énin C(0)

Quantum state
Probability distribution
Bitstring
Gate sequence

Quantum operator M. Cerezo et al. (2021), Nat.

Rev. Phys., 3(9), 625-644



Problems with this method

* There is no backpropagation algorithm; how to train these circuits
efficiently?

* The high expressivity comes with a curse of dimensionality:
vanishing gradients lead to exponential number of measurements.

Proposition 3 (Backpropagation scaling is impossible for quantum data using single copies). Given
the quantum data setting where one seeks to train a variational model using copies of the unknown
state p and the additional constraint of no quantum memory, then backpropagation scaling is not
possible in the general case.

A. Abbas, et al. (2023), NIPS ‘23, 1940.



Parameter shift rules

* Each partial derivative estimated separately using shifted
quantum circuits.

* This cost scales linearly with the number of parameters.

a. Computing the expectation b. Computing a partial derivative

e
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Barren plateaus

For very expressive models, the gradients
vanish exponentially in the number of qubits.

THE BARREN PLATEAU PROBLEM IN QUANTUM OPTIMIZATION

TRAINABLE LANDSCAPE
(Few Qubits)
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Structured models

* Provable absence of barren-plateaus for
certain structured models:
* |ncorporating symmetries

* Polynomial-size subspace (instead of
exponential Hilbert space)

Cat Dog

(a) Data Space R Sl Label Space Y
f R — y i 5

(unknown)

\I« ‘,7-01 Quantum Machine Learning
: T Model h
/_\i LI A . e  Quantum
Q\J Neural Network
R Inductive biases
Geometric Prior —> 03 OO e Measurement

® Postprocessing

(b)
With
Geometric Prior

Without

Function Space Geometric Prior

M. Larocca, et al. (2022), PRX Quantum, 3(3), 030341

I. Cong, et al. (2019), Nature Physics, 15(12), 1273-1278.



Provably good trainability — effectively classical

* In many cases, good trainability implies classical simulability of
expectation values.

* What is a bad news for supervised learning, can be good news for
generative learning!

4 ) ~ )
1. Efficient classical 2. Classical sampling
simulability of local o hardness of the
expectation values y L probability distribution

M. Cerezo, et al. (2025), Nature Communications, 16(1), 7907.



5. Quantum generative modelling



Motivation: Quantum advantage experiments

* Based on generating samples from classically hard probability
distributions.

- -"\! p

Google 2019 USTC 2019 Google 2024



Motivation 2: classical hardness guarantees

* Even certain very restricted quantum circuit classes are on

average hard to classically sample from!

Rt By AntaE e s Eme Average-case hardness of near Antlconcentratlon Certification
exact computation of 2, ( of 7,

Random Quantum Circuits [12]

Boson Sampling [9]

9 6 6 0
Gaussian Boson Sampling [17] 0 ° ° Q
IQP [51] ® @ (>

Fermion Sampling (this work) 0 ° @ 0

M. Oszmaniec, et al. (2022), PRX Quantum, 3(2), 020328.
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Generative modeling

* Learn a representation of some probability distribution in order
to generate realistic samples.

—>[ Train Model(6) ] —




Quantum generative models

2016.01 QBM 2016.12 QAE

via a quantum upper bound.

4 + ¢
2016.12 QAE

The circuit-based QAE was
proposed by Romero et al..
The encoder and decoder are
illustrated with PQCs.

2018.02 QVAE

The QBM proposed by Amin et al. A quantum generalization The QVAE introduced by Khoshaman
is a probabilistic model based on of the classical AE was et al. adopts a classical VAE structure
Boltzmann distribution, where the proposed by Wan et al., and a quantum prior distribution in the
training problem is circumvented based on FFNN models. latent space realized by a QBM model.

. 2 4+

2020.06 Variational QBM

A variant of QBM is proposed by
Zoufal et al., where the VarQITE
method was implemented on PQCs
to facilitate exact gradient updates.

+

2018.01 QCBM 2018.04 QGAN

The QCBM proposed by Benedetti The concept of QGAN was proposed by

et al. leverages the Born rules and is Lloyd and Weedbrook. Potential merits

naturally implemented on quantum of QGANs when the generator or the

circuits executed on NISQ devices. discriminator (or both) is implemented
on quantum computers are discussed.

Source: J. Tian, et al., arXiv: 2206.03066,

2023.

e T @ &

Data

Target Estimated

distribution distribution

 Quantum counterpart of MLP
(in generative setting)
* Inherits the Bornrule



Quantum Circuit Born Machines (QCBMSs)

10)—

@ Initialize circuit with random parameters @ = (91, e ,9L)
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@ Estimate mismatch between data and quantum outcomes
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1012 15
Output state

Input: set of n-long bitstrings

CBM task:

Learn a quantum state via optimizing the
parameters of a variational quantum circuit
s. L.

V) = U(6)]t)
Py(x) = [{(¢)|’

d(Py, P*) < ¢ where ¢ € (0,1)

M. Benedetti, et al., npj Ql, vol. 5, no. 1, p. 45, 2019.



Quantum Circuit Born Machines (QCBMSs)

* Data encoding: None
* QNN layers: several possibilities
* Measurement: all qubits in the computational basis (one sample)

* Loss function:
* Kulback-Leibler divergence
* Maximum mean discrepancy
* Etc.

* Tralning: e.g., gradient based optimizers



Example:
Quantum Circuit Markov Random Fields

/Independencies: (ALD|C) (BLD| C)\ * Respects the Markov
Network structure of

the generative learning
(A) AL T i B problem.
Q‘G S5 BT — e Qutperformsiits
CLr —1 L problem-agnostic

() b L counterparts.
Problem-informed Ansatz

BB, D. Nagy, P. Haga, Z. Kallus, Z. Zimboras. Problem-
informed Graphical Quantum Generative

Learning. arXiv:2405.14072 (2024).




6. Recent advances in generative QML



Classical training, qguantum inference

* Recent results show that specific QCBMs can be trained without
using a quantum computer

* Final inference stage (sampling) still requires a quantum device
(hardness guarantees)



Parametrized IQP circuits

Train on classical, deploy on quantum: scaling generative
quantum machine learning to a thousand qubits

Erik Recio-Armengol*!">3 Shahnawaz Ahmed®, and Joseph Bowles'*

1Xanadu, Toronto, ON, M5G 2C8, Canada
2ICFO-Institut de Ciencies Fotoniques, The Barcelona Institute of Science and
Technology, 08860, Castelldefels (Barcelona), Spain
3Eurecat, Centre Tecnologic de Catalunya, Multimedia Technologies, 08005
Barcelona, Spain

[QPopt: Fast optimization of instantaneous quantum
polynomial circuits in JAX

1*1,2

Erik Recio-Armengol*>? and Joseph Bowles'?

HCFO-Institut de Ciencies Fotoniques, The Barcelona Institute of Science and
Technology, 08860, Castelldefels (Barcelona), Spain
2Eurecat, Centre Tecnologic de Catalunya, Multimedia Technologies, 08005
Barcelona, Spain
3Xanadu, Toronto, ON, M5G 2C8, Canada



Classically training IQP circuits

Goal: learn joint probability distribution of binary random variables p(x)

‘;
T expvals data Q ‘,
QO( ) classical sim X |
0 0 1
p(x) |= 8

1 11 1
Za 0110110
E U Za)s (Zay), -} 0001010
I 0011011 /‘/_
=

Vo
MMD(p, q)

autodif ’
= -0 10 -
- =101
9* = o_???_o -1 11
- o-n-o -0 0 1--
deploy and . 0-666-0 -010-
— - 1 1 .o

M. S. Rudolph, et al., npj QI 10, 116 (2024) sample - = (1) 1

E. Recio-Armengol, et al., arXiv:2503.02934 (2025).



|QP circuits

D(0) = exp (Z i0 4 H ZZ->

A ieA

+ Post-IQP = PP

* Efficient sampling implies

0) —H H £ ::ecz/lé?pse of PH to the third




Loss function formulation

The squared Maximum Mean Discrepancy (MMD) can be

expressed with expectation values.
\ model distribution

target distribution

l
Lanipe = 3 CoIAN((Z)%, — (Z)%)°
1

sets of qubit indices

Recently implemented for IQP circuits.

M. S. Rudolph, S. Lerch, S. Thanasilp, O. Kiss, S. Vallecorsa, M. Grossi, Z. Holmes. Trainability
barriers and opportunities in quantum generative modeling. npj QI 10, 116 (2024)

E. Recio-Armengol, S. Ahmed, and J. Bowles. Training large-scale generative quantum machine
learning models on classical hardware. arXiv:2503.02934 (2025).



Demonstration: Scale-free network

I 1QP I True
$ RBM ¢ Random
$§  DeepGraphEBM % Bitflip
10° F o - - - - - -o
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é 107" - network (Barabasi-

= ol Albert)

- * Ising model, with degree-
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Fermion Sampling circuits

Fermionic Born Machines: Classical training of quantum
generative models based on Fermion Sampling

Bence Baké!'2, Zoltan Kolarovszkil?, and Zoltan Zimboras!3*
ITHUN-REN Wigner Research Centre for Physics, Budapest, Hungary
2E6tvos Lorand University, Budapest, Hungary
3Algorithmiq Ltd, Kanavakatu 3C 00160 Helsinki, Finland
4University of Helsinki, Yliopistonkatu 4 00100 Helsinki, Finland



Fermion Sampling circuits

magic state input +

W)

FLO circuit

FLO

0000 VOUVUOU O

r X

J

sampling advantage

M. Oszmaniec, N. Dangniam, M. E. Morales, Z. Zimboras. Fermion sampling: a robust quantum computational advantage
scheme using fermionic linear optics and magic input states. PRX Quantum, 3(2), 020328. (2022)
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FBM experiments (gene sequences)

MMD? on test set
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model trained
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Google experiment

Generative quantum advantage for classical and quantum problems

Hsin-Yuan Huang,''?>* Michael Broughton,! Norhan Eassa,!'3

Hartmut Neven,! Ryan Babbush,! and Jarrod R. McClean®: T

1 Google Quantum AI, 340 Main Street, Venice, CA 90291, USA
? Department of Physics, California Institute of Technology, Pasadena 91125, CA, USA
% Department of Physics and Astronomy, Purdue University, West Lafayette, IN 47906, USA
(Dated: September 12, 2025)



Learning tasks

1. Generating bitstrings
* Input: pairs of bitstrings {x;, y;}
* Goal: learn the conditional probability distribution p(y|x)

2. Generating compressed simulation circuits
* Accessing the regime where classical compilers fail

3. Generating quantum states
* Learning a unitary from local measurement data



Instantaneously deep QNNs (IDQNNSs)

measure

 Mapping between 2D shallow Time flows upward to get

and 1D deep circuits: EB”B(’BF,@'BI’BTWM

Time flows out of plane (®

operation
generates

y(T.n] XAx g X g Vg L g ) gy[T1,n]

|/ */ t’ */ */ o _
operation
| generates

’ 4 Y[1 ln]

* Shallow circuits enable
efficient training using
lightcone methods and
local sampling
(polynomial overhead in
the number of qubits)

* Deep circuits enable
experimental realisation
of sampling




Shallow circuit architecture

 Given n qubits and graph G, using the encoding 0 - |+),1 — |0)
1. Prepare input state according to bitstring x
2. Apply R,(0;) gates on each qubit
3. Apply CZ gates accordingto G

* Varying the connectivity graph, these shallow circuits can
implement deep QNNs



Learning-inference pipeline

1. Given a dataset with local decupling property

2. Take deep QNN, map it to its shallow counterpart by introducing
additional qubits

3. Emulate training of model parameters

Nep
| 1 :
j_ = _ 9 = j
Bl = 5 arccos (1 2 E y(t))

4. Reverse step 1 and perform inference using deep QNN



Experimental demonstration

* IDQNN in (2+1)D over up to 68

qubits

* Depthis constantt=12

* Mapped to 816 shallow qubits

(depth 12)

* Training set: sampled from ideal

IDQNN

FxeB(E) =

10° 4 jNEEE

107" <
E 10—2 -
>
1034 [ Quantum Sim ."4>
= XGBoost
1 A Transformer .
1 ® Q. Expt(Learned) ", L
., | & Q Expt(Clifford) "
107" 3 Q. Expt (Ideal) ;
1 T 1 T T 1 T T T
0 100 200 300 400 500 600 700 800

N Shallow Qubits




Take home: potential and limitations
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* Incorporating symmetries « * Poor local minima
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Tutorial links

* Quantum classifier:
https://colab.research.google.com/drive/1gOCjrdYSiUR80oVHYYR

D8Vjphh35i/rJM?usp=copy
* Scalable generative learning:

https://colab.research.google.com/drive/1aVkw6EDvIO634/RJV_a
9D4AmzBpELTjhN?usp=copy
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