Introduction The physics case Pre-processing The linear PQC Data Re-Uploading Multi-Qubit correlators All-To-All Entanglement Summary
o oo oo 000000 00000 oo 00000 o

Finding the Higgs boson with quantum machine learning

Eric Ballabene

University and INFN, Bologna
Department of Physics and Astronomy “Augusto Righi”

INEN

3*4 Workshop on Quantum Computing @ INFN
Milan, February 3-6, 2026

Quantum Machine Learning 1/27



Introduction The physics case Pre-processing The linear PQC Data Re-Uploading Multi-Qubit correlators All-To-All Entanglement Summary
o oo oo 000000 00000 oo 00000 o

QOutline

Introduction

The physics case
Pre-processing

The linear PQC

Data Re-Uploading

@ Multi-Qubit correlators
All-To-All Entanglement

B Summary

Quantum Machine Learning 2 /27



Introduction The physics case Pre-processing The linear PQC Data Re-Uploading Multi-Qubit correlators All-To-All Entanglement Summary
[ ] [e]e] [e]e] 000000 00000 [e]e] 00000 o]

Introduction

Optimizer
Evaluate cost function

Classical

Parametrized quantum circuit

Quantum Machine Learning 3/27



Introduction The physics case Pre-processing The linear PQC Data Re-Uploading Multi-Qubit correlators All-To-All Entanglement Summary
o [1e) oo o

000000 00000

00000

The physics case

Classification task: separation of a signal
process from background processes.

Processes:

m Signal, Higgs boson golden channel,
H—Z7% — 4

m Irreducible background, ZZ*
m Reducible backgrounds, Z, tt, ttV, VVV

Starting from jupyter notebook and using the
available ATLAS Open Data [1].

Quantum Machine Learning

ZZ* and Z boson backgrounds

427


https://github.com/atlas-outreach-data-tools/notebooks-collection-opendata/blob/master/13-TeV-examples/uproot_python/HZZAnalysis.ipynb
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The physics case

% 60 T T T T
O] [\ OpenData  — tossm,=125Gev as) .zz'(mm ]
. LO = 4 |eptons -
Pre-selection: R | mnEs N e
[4]
m Presence of 4/ £
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Pre-processing

Training and inference over two independent
subsets, so that the events of a subset are never @ginell et
predicted with a classifier trained over the events of
the same subset:
m The dataset is split into subsets A and B by
event number parity.
m Each subset trains its classifier, which is tested
on the opposite subset.

eventNumber % 2 =0 eventNumber % 2 =1
v N

m The resulting tested subsets are merged into a
final inferred dataset.

Inferred dataset

Quantum Machine Learning 6 /27
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Pre-processing

Physics observables as input variables x;

4 V4 V4 V4
(mu,pTl,pf,pf,pT“) — (X0, X1, X2, X3, Xa) (1)

x; are rescaled to X; € [—m, 7]

min
Xi — X max min
Y. — 2 Xmax _ Xmin - 1 ﬂ-’ Xi # Xi ) - O 4 2
Xi = i i i=0,..., (2)
max __ ,,min
0, X" = xm"

Qubits are prepared in the |0) state and the features are encoded using Ry rotations
4
[0) = [ TTRe(3:) | 10)%°,  Ru(a) = e X2, (3)
i=0
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The linear PQC

The PQC consists of a set of Ry rotations applied to the encoded input features and a
linear sequence of CNOT gates that give expressibility to the model [2].

ldo0) = 10) —] Ru(50) | Ry (60)] (A} (20)
) = [0) —| Re(a) | Ry(6) | [ ] ()
[~} (2)
[~A]— ()
[ ()
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Expectation values of the PQC

We consider the initial state and circuit unitary

4 3
[0) = 10)°°, U = Ucxor <® Ry(9;)> ; Ucnor = [[ CNOTuurr,  (4)

i=0 k=0

and measure

(Z;) = (ol UTZ;U |tbo) - (5)
Using the Heisenberg action of a CNOT gate,
UnorZeUoxor = Ze,  UlnorZiUosor = Z:Z, (6)

the observable propagates along the chain as

UnorZiloxor = [] Z- (7)
k=0

Quantum Machine Learning 9 /27



The linear PQC
008000

Defining the rotated product state

&) R (6 (8)

Jj=0

the expectation value factorizes,

(Zi) = (¢l (f[ Zk> |¢) = ﬂ Okl Zk|dr) s |ok) = Ry(0k) [0) - (9)

k=0 k=0
i
Z)=T[(Z),  (Z) = (0| Ri(6x)ZR, (6x) |0) = cos by, (10)
k=0
which yields
(Zo) = cos by,
(Z1) = cos by cos b1,
(Z>) = cos by cos 61 cos B, (11)
(Z3) = cos b cos 0 cos 0> cos 03,
Quantum Machine Learning <Z4> cos 90 cos 91 cos 92 cos 93 cos 04 10 / 27



Introduction The physics case Pre-processing The linear PQC Data Re-Uploading Multi-Qubit correlators All-To-All Entanglement Summary
o] [e]e] [e]e] 000e00 00000 [e]e] 00000 o]

Model Configuration

Training performed using Tensorflow Quantum and Cirq [3, 4]
Compilation:

m Optimizer: Adam, learning rate 1e-3

m Loss: BinaryCrossentropy

m Metrics: accuracy

Callbacks:
m EarlyStopping: Monitor: val_loss; Patience: 4; Restore best weights: True
m ReduceLROnPlateau: Monitor: val_loss; Factor: 0.5; Patience: 2

Training:
m Epochs: 50
m Batch size: 128
m Validation split: 0.2

Quantum Machine Learning 11 /27
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Hyper-parameters

Learning rate = le-2 Learning rate = le-3 Learning rate = le-4
Training and Validation Loss Training and Validation Loss Training and Validation Loss
o8 ~ QNN A - Train Loss 0.70 ~—— QNN A - Train Loss ~—— QNN A - Train Loss
=== QNN A - Val Loss === QNN A - Val Loss. 076 - QNN A - Val Loss
~— QNN B - Train Loss ~— QNN B - Train Loss ~— QNN B - Train Loss
0.7 QNN B - Val Loss 065 QNN B - Val Loss. 0.74 QNN B - Val Loss.
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o
I e T ] R - w

Quantum Machine Learning 12 /27



[e]eele]e] ) 00000

Introduction The physics case Pre-processing The linear PQC Data Re-Uploading Multi-Qubit correlators All-To-All Entanglement Summary
o oo oo oo 00000

Output score with linear PQC
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Data Re-Uploading PQC

A single data-encoding layer followed by a simple PQC has very limited expressive
power.
Data re-uploading means encoding the same classical input features into the quantum
circuit multiple times, interleaved with trainable quantum layers [7]:

m Each repetition is called a re-uploading layer.

m Data re-uploading lets the circuit build nonlinear feature interactions and behave
more like a deep neural network.

m Data re-uploading allows for improving expressivity by reusing the same qubits

multiple times, rather than increasing qubits, making QML more hardware-friendly
[5, 6].

Quantum Machine Learning 14 /27
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Data Re-Uploading PQC

The same input features X; are encoded multiple times through R, (X;) gates. Each
re-uploading layer consists of a data encoding block, followed by trainable rotations

Ry(HI(Z)) and an entangling CNOT structure.

lq0) =10)
laz) = 10) R,(6)

R(%1) — R, (0?)

N

Re(%) [ R, (657)

laz) = 10) R,(6)

() [ R, (057

(20)

E

R(%2) R, (0?)

las) - [0) R, (65)
laa) — 10) R,(6)

@ (Z1)

A Ru(%) [ R, (65)

Re(5a) [ R/(657)

@ (Z2)

A Rela) [ R(65)

[} (z)

- 2

Here L = 3 re-uploading layers are considered, with layer-dependent trainable

parameters 9,@).

Quantum Machine Learning
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From Factorized to Non-Factorized Expectation Values

In the single-layer PQC, the expectation values take the form

(Z)) = ﬁcos Ok, (12)
k=0

which depends on multiple parameters but remains fully factorized:

(Zi) = fo(00) F1(61) - - - £i(63)- (13)

Key property:
m Cross terms exist only as simple products.
m Each parameter contributes independently.
m No mixing between different qubits or layers.

Quantum Machine Learning 16 / 27



Data Re-Uploading
ocooeo

With data re-uploading, the same features are encoded multiple times using
non-commuting rotations and re-entangling layers. The resulting expectation values

become
(Z;) = Z Ca H {sin, cos} ()?k,Gg)) , (14)

(k,0)ea
which cannot be written as a product of single-qubit functions.
Result:
m Non-separable feature—parameter interactions
m Genuine multi-qubit correlations

m Increased expressive power of the PQC

Quantum Machine Learning 17 /27
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Output score with data re-uploading
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Correlator-Based Readout

While single-qubit observables O = {(Z;)} capture only local responses, entangling
layers generate correlations that are only indirectly accessible through individual
measurements.

To explicitly probe these correlations, we can replace the local readout by a set of
two-qubit correlators aligned with the entanglement structure,

O = {(&4r), (ZLi2a), (ZaZs), (Z3Za), (Za)}. (15)

Each correlator (Z;Z;;1) is sensitive to joint feature—parameter interactions mediated
by the CNOT gates, providing access to higher-order information without increasing
the output dimension.

This readout enhances sensitivity to entangled feature representations while preserving
the same classical interface to the downstream neural network.

Quantum Machine Learning 19 / 27



Introduction The physics case Pre-processing The linear PQC Data Re-Uploading Multi-Qubit correlators All-To-All Entanglement Summary
o oo oo oce o

000000 00000 00000

Output score with multi-qubit correlato
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Linear CNOT chain All-To-All Entanglement
) —— |90) —| Ru(50) H R, (0)
lar) —{ Re(x1) H Ro(01) | la1) | Re(5) H R/ (01) |-&
lg2) —{ Ru(%2) — Ry(62) > T g~ R(R) H R(62) = >
las) —{ Re(3s) - R, (63) & las) | Ru(5s) H R, (03) > ——
|qs) p— - |94) —| Ru(%) H Ry (0a) > 4

All-To-All Entanglement generates richer Pauli string growth and faster mixing than a
linear chain. It approaches the universal random circuits used in expressibility studies,
where dense entanglement increases expressivity with fewer layers.
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Output score with all-to-all entanglement
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Output score with all-to-all entanglement
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Output score for a classical DNN
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To find the Higgs boson with QML, keep in mind:

m A linear PCQ (rotations + sequence of CNOT gates) allows to learn how to
distinguish the signal from the background, but has limited expressivity

m Data re-uploading allows for a much faster decrease of the losses, giving better
sensitivity with the same number of epochs

m All-To-All Entanglement improves the expressivity and gives improved results

Similar significance for finding the Higgs boson with QML with respect to classical ML.
QML performance also depends on the signal model considered, the chosen set of
input features, and the degree of intrinsic correlation among these features.
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(SE—— X The QNN is a QML algorithm that
[q0) ‘ Uo(x) leverages Parameterized Quantum

1 Circuits (PQCs) to perform tasks
lg1) Ui (x) . .

| analogous to those in classical neural
g2) ! Us(x) networks.

Input features are encoded into
the quantum states of a set of
qubits.

Feature encoding
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Parametrized quantum circuit
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The final quantum state is
measured to extract classical
information, which can be used to
make predictions or for further
optimization steps.

Optimizer
Evaluate cost function

Classical

Measurement
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QNN 1V

The quantum states exploit unique
quantum phenomena

m superposition (which allows qubits
to represent multiple states

@) simultaneously);

@) m entanglement (which enables
@ complex correlations between
| ‘ ‘ qubits).
|gn) ] n — — o ; . . .
S N W R [ Classical By operating in the Hilbert space and
Parametrized quantum circut enabling non-classical correlations,

QNNs could enable more efficient
modelling of complex patterns than

their classical counterparts.
Quantum Machine Learning 7 /28



References QNN

Samples Training 2-q PQC Data re-uploading Correlator Readout All-to-All Entanglement Comparison VAE/QVAE
Open Data Samples
Following jupyter notebook
defs = {
r’Data’: {’dids’:[’data’]},
r’Background $Z,t\bar{t},t\bar{t}+V,VVv$’: {’>dids’:
[410470, 410155, 410218, 410219, 412043, 364243,
364242, 364246 ,364248, 700320, 700321, 700322,
700323,700324,700325], ’color’: "#6b59d3" }, # purple
r’Background $ZZ " {*}$’: {’>dids’: [700600],°’color’: "#
£f£f0000" },# red

r’Signal ($m_H$ = 125 GeV)’: {’dids’: [345060, 346228,
346310, 346311, 346312,

346340, 346341, 346342],°color
>: "#00cdff" },# light blue
}
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Hyper-parameters setup

model.compile(
optimizer=tf.keras.optimizers.Adam(learning_rate=1e-3),
loss=tf.keras.losses.BinaryCrossentropy (),
metrics=[’accuracy’]

callbacks = [
tf.keras.callbacks.EarlyStopping (monitor=’1loss’, patience
=4, restore_best_weights=True),
tf.keras.callbacks.ReduceLROnPlateau(monitor=’1loss’,
factor=0.5, patience=2)

model.fit(x_train, y_train, batch_size=128, epochs=50,
verbose=2, validation_split=0.2, callbacks=callbacks)
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Simplified PQC: 2-Qubit Circuit

Let us consider a simplified PQC with N = 2 qubits

The eigenstates of the Pauli-Z operator are
% —{ Ry(6o) [~ (@) H " H

q1 — Ry(91)

(16)

>
T
@

The initial state is

[%0) = 100) = [0) ©10) (17)
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State After R, Rotations

References QNN Samples Training 2-q PQC
o] o]

Recalling that Y = ? BI , rotations R, are given by
ey 6 0 Jcosd —sing
R,(0) =e'2" = cos 2I isin 2Y = lsing cos (18)
After applying single-qubit rotations
cos%0 cos%l
Y1) = Ry(60)10) ® Ry(61)[0) = | " | ® | "¢ (19)
sin 5 sin

Expanding the tensor product

b b bo . 61 by 01 Oy . 0
|th1) = cos > Cos |00) + cos — sin— |01) + sin - s 110) + sin — sin— ]1(12>0)

11/28
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State After CNOT

Applying the CNOT gate

by b Oo . 01 o . 0 o b
|12) = cos > Cos |00) + cos — sin— |01) + sin — sin— |10) + sin 5 C0s |11)
(21)
Pauli-Z operator
1 0
Z:[O _1], Z[0)=10), Z[1)=-]1) (22)
=21, Z1=1Z (23)
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Expectation Values

For the first qubit

(Zo) = P(00) + P(01) — P(10) — P(11) = cos?%0 — sin® %0 =cosfp  (24)

For the second qubit

(Z1) = P(00)—P(01)+P(10)—P(11) = (cos? %—sin2 %)(cos2 92—0—sin2 %0) = cos fy cos 01
(25)

For a PQC with N qubits
(Z)) = [] cosb, i=0,....,N—1 (26)
k=0

Each qubit expectation depends on all previous rotation angles multiplicatively.
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Data re-uploading PQC

With data re-uploading, the circuit consists of L repeated layers,

L 4 4
U=] Uervor [ R R,(6) ) [ R Re(5) | - (27)
=1 i=0 i=0

The same input features X; are encoded multiple times, while each layer has independent
trainable parameters 9,@). The measured observables remain

(Z)) = (0|®° Ut Z;U |0)®°. (28)
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Heisenberg evolution of Z; (one layer)

We propagate the observable Z; backwards through one re-uploading layer.
First, through the CNOT chain:

UlnorZiUonor = [ ] Ze. (29)
k=0

Thus, after the entangling block, Z; becomes a multi-qubit Pauli string.
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Rotation of Pauli operators

Single-qubit rotations act nontrivially on Pauli operators.
For a data-encoding rotation,

RI(X)ZR (%) = Z cos % + YsinX. (30)

For a trainable rotation,
RI(0)ZR,(0) = Z cos§ — X sin . (31)

Therefore, when a Pauli string such as
H Zy (32)
k=0

is conjugated by R, and R, gates, it becomes a linear combination of Pauli strings involving Z,
X, and Y operators.
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Loss of factorization

After one re-uploading layer, the observable Z; has evolved into

Zi — Y cal%0)Pa, (33)

where P, are multi-qubit Pauli strings.
After multiple layers, this expansion grows in complexity. As a result,

(Z)) = (01" [ Y caPa | 10)%°, (34)

which no longer factorizes into single-qubit expectation values.
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Effect of Correlator Readout

For a general observable O measured after a data re-uploading PQC, the expectation
value can be written as

=Y c ][] {sin,cos} ()"(k, 95(6)) , (35)

a (k,0)ea

where each term arises from the Heisenberg evolution of O through non-commuting
data-encoding and entangling layers.

When O = Z;, only Pauli strings ending on qubit i contribute, limiting sensitivity to
marginal feature responses. In contrast, choosing a two-qubit correlator O = Z;Z;
generates Pauli strings with simultaneous support on both qubits,

U(zz)u — Y. dsPP o PP e ... (36)
B
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All-to-All Entanglement and Pauli String Growth

Expectation values can be written in the Heisenberg picture as
(0) = (0] UToU |0). (37)
Single-qubit rotations mix Pauli operators locally,
RIZR, = cosx Z +sinx Y, (38)
while entangling gates spread operators across qubits. For a CNOT,
Ze— 2, Zy — 2.7y (39)

Linear entanglement propagates Pauli operators sequentially along the chain, requiring depth
O(N) to generate global correlations.

All-to-all entanglement spreads Pauli operators globally in a single layer, rapidly generating
high-weight Pauli strings and faster mixing of observables.
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Universal Random Circuits and Expressibility

Universal random circuits consist of alternating layers of
m random single-qubit rotations, and
m dense (often all-to-all) entanglement.

A typical structure is
L

N
4 4
u=T] (v QR ). (40)
=1 i=1

Such circuits approximate the statistics of Haar-random unitaries with relatively small depth.
Their expressibility is measured by how closely the induced state distribution matches
Haar-random statistics.

Dense entanglement achieves high expressibility with fewer layers compared to local
entanglement patterns.
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The Haar Measure and Quantum Correlations

The Haar measure is a uniform probability measure on the unitary group SU(2V) that is
connected to the notion of expressibility. Sampling from the Haar measure implies that
® no unitary is preferred over another,

m all quantum correlations are represented without bias.

A PQC that approximates Haar-random unitaries can, in principle,
m generates arbitrary entangled states,
m represents highly nonlocal and high-order quantum correlations,
m but gradients concentrate exponentially (barren plateaus).

In general, however, the goal is not full Haar randomness, but structured expressibility, achieved
by combining data re-uploading, limited-depth dense entanglement, selective readout
observables (e.g. (Z;Z})).
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