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QML: Quantum computing to “improve” ML

e Speed-up and complexity
* Sample efficiency

e Representational power

* Energy efficiency???

* Evaluate performance on realistic use cases

* QPU as accelerators within classical infrastructure®
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* Introduction: the CERN Quantum Technology.Initiative *
* Quantum Machine Learning and Applications at CERN

 Anomaly detection — v .

* Beam optimisation in linear accelerators

* Improving robustness
* Summary



The CERN Quantum
Technology Initiative

Voir en frangais

CERN meets quantum technology

The CERN Quantum Technology Initiative will explore the potential of devices

harnessing perplexing quantum phenomena such as entanglement to enrich and
expand its challenging research programme

Quantum.simulation and HEP theory
applications

Quantum Computing

30 SEPTEMBER, 2020 By Matthew Chalmers

Quantum Sensing
Quantum Communication

QTIl Roadmap: https://doi.org/10.5281/zenodo.5553774



QC @ CERN

Borras, Kerstin, etal. "Impact of quantum noise on the

training of quantum Generative Adversarial
Networks." arXiv preprint arXiv:2203.01007 (2022).
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Tlysuz, Cenk, et al. "Hybrid quantum classical graph neural
networks for particle track reconstruction." Quantum

Machine Intelligence 3.2 (2021): 1-20.
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E.Stavros et all., Quantum simulation with
just-in-time compilation, Quantum 2022
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F.Rehm, Full Quantum GAN Model for HEP
Detector Simulations, ACAT22

Generator: MERA-up

Discriminator: MERA-down
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G. Gemme, M. Grossi et al, IBM Quantum Platforms: A
Quantum Battery Perspective, Batteries 8, 43 (2022)
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S.Chang, et all, Hybrid Quantum-Classical
Networks for Reconstruction and Classification
of Earth Observation Images, ACAT22
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Quantum Machine
Learning :

Introduction



QML in HEP

» Does it make sense to use
QML in HEP?

« How do we understand
when it is useful ?

- Which are the QML
models we can leverage?

Classical Intractability:

* No established recipe for classical data

Type of Data

Classical

Quantum

Type of Algorithm

Classical Quantum

<l

ac 2

* Compromise between algorithm expressivity vs trainability and generalization



(Quantum)
ML Lifecycle

N Data Embedding

Readout and

measurement “shots” Adapt classical

learning models to

quantum space ¢

Model Training

4N

The advantage of many known QML algorithms is impeded today by I/0O bottleneck



\VileYe [I[S Kernel methods (ex. QSVM)

Variational algorithms (ex. QNN)

QUANTUM COMPUTING

quantum

Hilbert space
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1 Bogatskiy, Alexander, et al. "Lorentz group equivariant neural network for particle physics." PMLR, 2020.

08.06.23 2 Glick, Jennifer R., et al. "Covariant quantum kernels for data with group structure.” arXiv:2108.03406 (2021).
3Jerbi, Sofiene, et al. "Quantum machine learning beyond kernel methods." arXiv preprint arXiv:2110.13162 (2021)



Rudolph, M. S., Lerch, S., Thanasilp, S., Kiss, O., Vallecorsa, S., Grossi, M., & Holmes, Z. (2023).
Trainability barriers and opportunities in quantum generative modeling. arXiv:2305.02881.

Generative QML and trainability barriers

Representation learning: encoding probability distributions

Real World Training data Training distribution

*Once upon a fime..*

Loss function

101..001
011..010

001..101

Explicit

%:f (b(), Go(x))

Implicit

Sampled data Model distribution
E [(g(z,y)

(-]
-
-l
-l
(o]
-

100..001
011..010

go(x) = [(x|U(6)]0)|?

10




Rudolph, M. S, Lerch, S., Thanasilp, S., Kiss, O., Vallecorsa, S., Grossi, M., & Holmes, Z. (2023). Trainability barriers
and opportunities in quantum generative modeling. arXiv:2305.02881.

Explicit and Implicit Losses

The use of explicit losses hinders trainability of implicit generative models as the
system size increases since it requires an exponentially larger number of shots.

Need implicit losses!
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Rudolph, M. S, Lerch, S., Thanasilp, S., Kiss, O., Vallecorsa, S., Grossi, M., & Holmes, Z. (2023). Trainability barriers
and opportunities in quantum generative modeling. arXiv:2305.02881.

Quantum Circuit Born Machine for HEP
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LHCh simulation

. Gianelle, A., Koppenburg, P.,

Qu antum em bed d Ta g fo r Lucchesi, D. et al, Quantum
Machine Learning for b-jet charge
identification. J. High Energ. Phys.
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Ex: Amplitude Encoding Cmisug

S.Y. Chang, poster at "Quantum Tensor Network in Machine Learning, NeurlPS 2021
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F. Di Marcantonio et al. , CHEP2023

Quantum embedding and kernel methods

* Create classically intractable features
in the Hilbert space

* Estimate Fidelity kernel

» Use classical training (convex losses)

Hilbert space is exponentially larger 4 = Label @)= Sigm (Z"“t')‘ K(x:,2) +L)

2\ |2 t 2
X (2) = " _U.-.lo"
Sparser data 1<2 (312 1<0™ [ Uy(5, Ugizy | 07

Loss of predictive power



Projected Quantum Kernel

Project quantum kernels to lower IT
dimensionality (i.e. local density matrix):

 Improved generalizion while keeping
features into states classically hard

PQ (E1): g - small PQ (E2): g - moderate PQ (E3): g - large
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* gcq geometric difference
between classical and
quantum embeddings

Random guessing Random guessing
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Huang, Hsin-Yuan, et al. "Power of data in quantum machine learning." Nature communications 12.1 (2021): 2631.



Quantum Advantage

Define an upper bound on classical and
guantum kernels prediction error

* N training events

* gcq: geometric difference between
classical and quantum embeddings

* S(N): model complexity

d : feature space dimension

Huang, Hsin-Yuan, et al. "Power of data in quantum machine learning." Nature communications 12.1 (2021): 2631.
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Higgs classification

0 Ntrain=576 N©st=720 (x5)

Quantum Support Vector Machine for the ttH(bb)
event classificationl®!
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Projected kernels work best
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Quantum Machine
Learning examples:

Analysis and Anomaly Detection

19



Unsupervised learning for Anomaly
Detection

ANOMALY DETECTION PERFORMANCE EVALUATION

Kernel Machine
(1) ROC curve
Features
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HEP data
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Standard Model jets
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Unsupervised kernel k@i, 25) = trlp(e)p(a)] = [0 (@)U =;)[0)

p(x:) = U(z:) [0) (0| U (x:)

machine

Linear entanglement

G (zg,21,0)

min
weF, EERY, peER

subject to w-®(z;) > p—§&,6 >0,V v e (0,1)




Results

Unsupervised kernel machine

Ancmaly Signaung

Narrow G — WW 3.5 TeV

A +HZ «ZZZ35TeNV
e Brond G = WW 1.5 Tey

Quartym
99.54+ 005 | ¢
370+ 011 |8

47.62+ 0.52 | 45.80= 0.45

Quantum anomaly detection in the latent space
of proton collision events at the LHC

Vasileios Belis et al., arXiv:2301.10780.
23



In reality....

Unsupervised kernel machine

Ancengly Signatung

Narrow G — WW 3.5 TeV

A+HZ « ZZZ35TeV
e Brosd G = WW 1.5 Tay

NE; NE; L=1 L=2 L=3

Quantum anomaly detection in the latent space
of proton collision events at the LHC
Vasileios Belis et al., arXiv:2301.10780.
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More AD results...

True Positive Rate
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Fig. 6: ROC-AUC curve of the classification between SM
and Graviton events for the classical GAN (blue), the
noiseless simulation of a qGAN (orange), and the qGAN
executed on the IBM Quantum processor ibmg_belem. All
models are trained on 3 features of the SM data set, and
evaluated on SM and Graviton events.

FIG. 4. ROC-AUC curve of the classification between
SM events and artificial anomalies. The kernel matrices for
the classification were provided by a classical kernel function
(blue), a simulated quantum kernel (orange), and a quantum
kernel estimated using the quantum device ibm__cairo (green).

Quantum Generative Adversarial Networks For
Unravelling physics beyond the Standard Model with unbiased Anomaly Detection In High Energy Physics
classical and quantum anomaly detection Elie Bermot et al., arXiv:2304.14439.
Julian Schumacher et al., arXiv:2301.10787.




Quantum Machine
Learning examples:

Reinforcement Learning

26



Schenk, M et al. Hybrid actor-critic algorithm for quantum reinforcement learning at
CERN beam lines. arXiv preprint arXiv:2209.11044., CHEP2023

Reinforcement learning

... in a nutshell

action

© 0 0000000000000 000000 00 WhereamI?Whereare

? ghosts, snacks, cookies?

Actions
up, down, left, right

Reward
- ' food (+), ghosts (-)
[, . Return

o3 “ o how much food am |

e 0000000000000 00000000 000 g0|ngtoeatovertime



https://web.stanford.edu/class/psych209/Readings/SuttonBartoIPRLBook2ndEd.pdf

15t study: 1D beam steering
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Developing a hybrid actor-critic scheme

Accelerator optimization requires continuous action space = develop hybrid actor-critic
algorithm

> QBM replaces classical critic net

Q-learning
Critic
O O

SQUANCEAS .

Q(S, al) . v - :
: S 5 Classical 5 Gl =a€eRr
CTTiege O
O O

Q(S, A1)
Q(S; am)

Discrete set

of m actions Policy gradient: V, 7(s|x)




d study: 10D continuous beam steering

Initial reward
Final reward
Reward objective
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1-slide excursion: quantum fuzzy logic controller

Bl #steps [ Initial Reward [ Final Reward

objective objective
1

Knowledge Base



https://ieeexplore.ieee.org/document/9869303

3" study: Cartpole-v1

Discrete action problem, non-linear dynamics
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https://www.gymlibrary.dev/environments/classic_control/cart_pole/

Improving Robustness of QML applications

* Understanding conditions to advantage

» Stabilizing training on NISQ (arXi:2212.11826, arXiv:2303.11283)

* Trainability vs expressivity for generative models (5rXiv:2305.02881)
* Evaluating generalisation :

* Quantum vs classical data, phase transitions (papsical Review B, 1078), L.()81105)

* Algorithms beyond QML (phaysical Review G, 106(3), 034325.) .

B

33



Outlook and open questions

» HEP provides challenges to Quantum Computing ** * o
+ What are the most promising applications? '

* How do we define performance and validate results on realistic use
cases? | |

 Experimental data has high dimensionality o
» Can we train Quantum Machine Learning algorithms effectively?
 Can we reduce the impact of data reduction techniques? "

* Experimental data is shaped by physics laws
« Can we leverage them to build better algorithms?

34
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Model Convergence and Barren Plateau

J. McClean et al., arXiv:1803.11173

100

101 & —-~ Slope=-0.694 S S ST S TP EE T
L} 107" . B . T
. . . . 1072 5 DG @ e e e @ s s @
The size of the Hilbert space requires compromises between o \ e s,
expressivity, convergence and generalization - \\ g o ‘:;u-—-*~~~~+-~~—--
= ] 8 Aanninnn e @ aaug
1 1 H H 1 > R W04 P iyt P .
Classical gradients vanish exponentially with the number of T, 10- | \\ R o ) o
3 o P kol \'"h""‘"—'”""" [
|ayeI’S (J_ McClean et al., arXiv:1803.11173) = 1076 \. L —— .\\; .............................
« Convergence still possible if gradients consistent between 107 5 \\ A I - -
batches. 107 A T —.. . —
. : : 5 10 15 20 25 A P P R S

Quantum gradient decay exponentially in the number of " Qublts

qubits

« Random circuit initialization QCNN: A Pesah, et al., Physical

« Loss function locality in shallow circuits (u. cerezo et at., arxiv:2001.0050) Review X114 (2021): 041011
TTN for MNIST classification (8 qubits), c P c P F

* Ansatz choice: TTN, CNN (zhang et al, arxiv:2011.06258, A Pesah, et al., Physical  zpa ool arxiv2011.06258
Review X 11.4 (2021): 041011. ) PR

» Noise induced barren plateau (wang, s et al., Nat Commun 12, 6961 (2021))
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Kernel trainability and kernel concentration

(a) Sources that lead to kernel concentration (b) Exponential concentration of
k(x,x") over input data x, x’

Kernel values can

concentra_te (c) Implications on trainability fREx) %
exponentially ! 2
around a common i - 4
value v |* s T
Need exponentially 2

larger number of
measurements to
resolve

Results in a poorly
trained model

A G om0

Figure 1. Kernel concentration and its implications on trainability: The exponential concentration (in the number of
qubits n) of quantum kernels x(x, "), over all possible input data pairs «, ', can be seen to stem from the difficulty of information
extraction from data quantum states due to various sources (illustrated in panels (a) and (b)). The kernel concentration has a
detrimental impact on the trainability of quantum kernel-based methods. As shown in panel (c), for a polynomial (in n) number
of measurement shots, the sampling noise A dominates for large n and, as A < A, k(xi, ;) cannot be resolved from some other
k(xk,x;), leading to a poorly trained model.

Study kernel trainability in our Anomaly Detection model (arxiv:2208.11060)
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Characterize models behaviour, similarities among them 10) LSS RS-
ata re-uploading circuit

and link to data properties.

Ex:

« Data Re-Uploading circuits: alternating data encoding and
variational layers.

Data re-uploading

Linear models

Datare-up. classifiers
Tr[p'(x, )05]

Exact

Explicit classifier:
[p(x)04]
v / mappings

» Represented as explicit linear models (variational) in larger

feature space
1.4 - Training impl.ic.it —— Validat?on impl.ic.it
- can be reformulated as implicit models (kernel) N oot BB e
 12] %
* Representer theorem: implicit models achieve better 810]
Q
accuracy 5 o8
0 0.6
» Explicit models exhibit better generalization performance 5 o
o
0.2
Jerbi, Sofiene, et al. "Quantum machine learning beyond
kernel methods." arXiv preprint arXiv:2110.13162 (2021). 0.0°
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\\J INITIATIVE encoding + hardware-efficient variational unitary
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Preliminary hardware runs

Hardware L = 1

Ideal L =1

Hardware L = 3

Ideal L = 3

Classical

Kernel Machine Run AUC  (trp®)

0.844 0.271(6)
0.999 1

0.997 0.15(2)
1.0 1

0.998




Incudini, M., et al. "Resource Saving via Ensemble Techniques for
Quantum Neural Networks." arXiv:2303.11283 (2023).

Ensembles of quantum
neural networks

misclassified misclassified
by M1 by M1, M2

Dataset  Source Nature # Features # Samples Task

Linear - Synthetic 5 250 Regression
Concrete UCI Real-world 8 1030 Regression
Diabetes Scikit-Learn Real-world 442 Regression
Wine UCI Real-world 178 Classification




1 layer

QNN setup and simulated results / : |
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Bagging methods outperform full model and Boosting: shallower networks, fewer input features
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Bagging brings significant advantage

Number of qubits used in each experiment ':; Number of parametars used in each exparimant
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Delgado and Hamilton, arXiv:2203.03578 (2022)
- Zoufal, l., npj Inf5, 103 (201
Quantum Generative Models Costmeae s ooy 001, S

Amin, et al. Physical Review X 8.2 (2018): 021050.

QGAN
QCBM Multiple implementations, mostly classical-quantum hybrid
Sample variational pure state |{(0)) Quantum Generator
by projective measurement through ez , g - :
_ _ 2 :q_0: 1 H i Ry(6[0]) —=— RY(O[3]) = ﬂ_' Classical Classical
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Network of stochastic binary units with a quadratic energy function yp ] i
that follows the Boltzman distribution (Ising Hamiltonian) Dx1(P||Q) = Zp(i) 10g(Q8>

N~

H = — Z bool — Zwabajag’
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Kiss, Grossi, et al., Phys. Rev. A 106, 022612 (2022)
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QCBM for event generation
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Borras, Kerstin, et al. "Impact of quantum noise on the training of quantum
Generative Adversarial Networks." ACAT2021, arXiv preprint

R b t - t - arXiv:2203.01007 (2022).
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Chang S.Y. et al., Running the Dual-PQC GAN on Noisy Simulators and Real
Quantum Hardware, QTML2021, ACAT21

qGAN Benchmarks on hardware
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QML for quantum data: drawing phase diagrams

Model: Axial Next Nearest Neighbor Ising
(ANNNI) Hamiltonian:

H=J E ototl — kololt2 + hot,

Senk, Phys:cs Reports 170, 4 (1988)

Integrable for
k=0orh=0.

0.0 0.25
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0.75

1.0

Supervised classification of the

ground state using a convolutional
QNN

Quantum states are exponentially
hard to save classically.

Bottleneck from access to classical
training labels (Interpolation does not
work)

= Train in integrable subregions

= Generalize to a full model’




Setting the stage

Variational quantum data
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Monaco, at al. arXiv: 2208.08748 (2022), accepted PRB
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S Syl ) log (py( ) -

[0,1] ferromagnetic
[1,0] antiphase
[1,1] paramagnetic
[0,0] trash label
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1. Out of Distribution Generalization2?

2. Performance increases with the system’s
size N=6 2> N=12).

3. QCNN gives quantitative predictions

'Kottman, et al., Phys. Rev. Research 3, 043184 (2021)
2M..Caro et al., arxiv:2204.10268, Banchi et all., PRX QUANTUM 2, 040321 (2021)



