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Computing & Algorithms

Assess the areas of |
potential quantum !}
advantage in HEP -

Type of Algorithm

classification,
anomaly detection,

clustering, generative
model
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QML models implementations for NISQ

Variational algorithms - EXPLICIT

« Flexible parametric ansatz: design can
leverage data symmetriesi

« Can use gradient-free methods or
stochastic gradient-descent

- Data Embedding can be learned
- Better generalization?

Kernel methods - IMPLICIT

» Feature maps as quantum kernels
« Convex losses, global minimum

« Identify kernel classes that relate to specific
data structures?

« Better accuracy?

- What is easiest to use/define?

Ansatz Classical optimizer

Measurement
Compute C(8) J:
RO

pin € K { T U®)

—r )

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

2020

2-S.Jerbi at all., Quantum Machine Learning Beyond Kernel Methods https.//arxiv.org/abs/2110.13162

3- Glick, Jennifer R., et al. "Covariant quantum kernels for data with group
structure." arXiv:2105.03406 (2021)
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KERNEL METHODS

QUANTUM COMPUTING

quantum
Hilbert space

data space X

N

input space X J‘
L _— access via
measurements

access via kernel M. Schuld, QML seminar, 03/02/21 CERN

https://indico.cern.ch/event/893116/

Do they really differ? Where to focus?
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https://arxiv.org/abs/2110.13162

Quantum Circuit Born Machine for event generation

T . . - Kiss O., Grossi M. et all., Conditional Born
Sample from a variational wavefunction |{(0)) with probability machine for Monte Carlo events generation,
g|ven by the Born rule - Phys. Rev. A 106, 022612 (2022)
_ 2 _
pG(X) - |<X|L|J(e)>| B 2000 target
17501 1 classical r--fad
I PO i = T R . simulator ﬁ
A —— S 0 U0 -+~ energy Z 1500 A noisy simulator 2 |
e T : i ¥ : ! ibmg montreal '
B —~H H ek - -+ H FuoEA— o _ 12501 -
ni “H E E K : . §1ooo- =
qC #— - —  cc ————— —}J,—U(O)M n (&) ,_i
" GORR.~ VAR. FORM “""GORR. " VAR. FORM 7201 ==
500 -
* Generate discrete PDFs (continuous in the limit #qubits — o) -
* Train using Maximum Mean Discrepancy: 0
MMD(P,Q) = Ex~p[K(X,Y)] + Ex~q[K(X,Y)] — 2Ex~p[K(X, Y)] L L L * §
Y~P Y~Q Y~Q %10“;1“ ‘ﬁi P
| ‘ - :
with K a gaussian kernel = osl | 25 ?
 Pros: relativly easy to optimize, Cons: empircally less efficient than an 0 10 Enzgrgy [g'gw 40 50

adve rsarial approaCh Coyle, B., Mills, D. et al, The Born supremacy. In: npj Quantum Inf 6, 60 (2020)
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Agliardi, Grossi, et al. "Quantum integration of elementary particle
processes." https://doi.org/10.1016/j.physletb.2022.137228

Cross section integration

» Cross section integration using Quantum Amplitude Estimation
» Focus on electroweak process

exchanged
gluon
propagator

incoming
quarks

outgoing
quarks

Classical Quantum data Core quantum Classical
preprocessing preparation algorithm postprocessing

phase-space factor

Ell'::t;a?’:ES: Distribution A&Iﬂlgitrf:i: f Integration 1 2
(sampling and E> GGAN training thr(ln?Jag(:\Ir;gGAN filter through through QAE o= — dCD | M | @ (CI) - CDC)

discretisation) quantum gates

F
/ \ phase-space

matrix element cuts

» Data encoding in quantum states affects quality of integration

Distribution

> Test QGAN for data embedding and compare to direct loading

e (14+Xx7°2)*3/8
0.175 [ simulation seed 1 /
simulation seed 2 v 4
[ simulation seed 3 /
0.150 A
N—1

[ simulation seed 4
. . | [ simulation seed 5
Test on 1 + x? distribution: G(9) [Yin) = l9(¢)) = Z py(@) li) o ig
; 2=0 X 0.100 -
* 10k events, 3 qubits, S

circular entanglement 0.075 1

0.050 ~

Difference per bin [%)]
Min. Max. Average

Direct +0.207 —1.88 1.35 | 1.80x 1073 0.025 -

Cw QUANTUM qGAN default | +2.36 —-21.1 851 | 0.0118 0,000 . |
i IQ) Bt qGAN optimised | —0.995 —12.4  4.65 | 7.00x 1073 ~0875 0.125 1125

Loading O



https://doi.org/10.1016/j.physletb.2022.137228

Quantum Anomaly Detection in the latent space

. ﬁgg% . & L?F]ECNET DISCRIMINATION EVALUATION
* Models: ~
- Unsupervised kernel | e, ] E— “\
ofo o
machine, ‘ QSVM :
- Q-means, Q-medians §>E ° Z z< <
(clustering algorithms) O:X = Z 075X G-MEANS
—— ] — D
« Data: . y
- Anomaly signatures:
Narrow and Broad Graviton resonance G > WTW g I

New boson A > HZ - Z2Z77

- SM background constitutes of QCD dijet events: M resonance spectrum
- Dimensionality reduction: Convolutional AE
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Quantum Anomaly Detection in the latent space

Approach and Results

, Ntain — 10, 600, 6k for A - HZ - ZZZ
Study the performance as a function of: L B B e

— 10

E 10*E —— Quantum

L - -~ Classical ]

" Ntrain T : Roc |
i AN — 6k

= Dimensionality of the data feature 10 \ — &0

= Expressibility and entanglement capability of data encoding

102} =
feature map :
= Clustering: i
10" -
- Quantum distance calculation f AUC  Quantum / Classical
L —— 91.43+ 0.08/91.92+ 0.06
. P . . - —— 89.64+ 0.08/90.27+ 0.08
- Classic minimization to the closest cluster 100k — 86:84:0.10/84.612 0.14 i
L | | 1 | | L1 | | L | | [ | | 3
- Cluster median calculation 0 02 04 06 08 10

(Quantum distance + heuristics)

Q-medians clustering
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A priori methodology to assess
Quantum Advantage (QA) w

\ dcq << \/N dcq X \/N
dimensionality complexity test
From complexity-theoretical argument it test /R
can be proved a rigorous prediction —
error upper bound which defines the d<<N else - Sc<<N so<<N else
metrics defined in [1], implemented in [2] sc=N
sk (V)
Ex|A(X) - y(X)| < O ( ’ ) : | :
N . Classical | . . Classical
Classical / Quantum V/X Classical Potential Quantum v/ X
-V QA
—> Geometric Difference — gcq (M) Constraints:
» Encoding (feature) map of classical and
— Approximate Dimension — d quantumgk(ernels ) map

» Data structure - complex distribution function,

dimensionality of the input space...

[1] HY. Huang et al, Nature Communication 12, 2631 (2021) .. .
[2] F.Di Marcantonio et all., QUASK -- arXiv:2206.15284 ¢ Optlmlzatlon of relevant parameters )\, Y
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Quantum

Interpretation in HEP Higgs space Higgs space
ore D(x)

— e

« From general observation: High expressivity:
data lost in the Hilbert space

» High number of qubits
» d=N

Low generalization power

. HEP observation: EXAMPLE: QSVM for the tt 2H 2(bb) event classification [2]

» Quantum kernels have moderate gqc Worse performance than the classical counterpart, no QA

101_ RBF-FQ-N:lOO ................................................ e RBF-N:100 e RBF-N:100
’cg —e— RBF-LPQ - N:100 = —+— FQ-N:100 0. —+— FQ-N:100
c -#- RBF-ZZPQ - N:100 ">'_<’ 4 -#- LPQ-N:100 o )(_//x"~-—>e-—._x\\ -#- LPQ-N:100
O . s 0%/ N S s ZZPQ-N:100
% 6x 10° g- qc) 05 random guessing
© o S
v v =
5 9 .03 °
D 4x10° 3 10% £ 047
e o
; S
3x10°y v/ gL o _--EB-T7
S ” 0.3
@) 102_ ........................................................................................... . . . . . : : : . '
2 4 6 8 10 12 14 16 18 20
i | i i i ; . i . . 2 4 6 8 10 12 14 16 18 20 n (System Size)
2 4 6 8 10 12 14 16 18 20 n (system size)
n (system size) [2] V. Belis et al, EPI Web Conf 251, 03070 (2021)
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Hybrid actor-critic algorithm for quantum
reinforcement learning at CERN beam lines

Reinforcement Learning for beam steering sz ccomaro marssieta

Q-learning — learn value function Q(s, a) using function Beam Positon e
approximator Dipole 1 )\\\\
Reward
- DQN: Deep Q-learning (feed-forward neural network) e % -------- PR | L ? g
« QBM-RL (Quantum Boltzmann Machine)

Training efficiency Training efficiency vs. # Q-net / QBM weights

Train QBM on D-Wave 2000q

8
. 100 o s ——————— -— 105 - X —I- DQN
Chimera and 5000q Pegasus ; \ FERL, 1x2 unit cells
' / -F- FERL N -3- (Chimera graph)
’ T \
90 E il - DoN 5
Clamped QBM i e 10* AN
: _______ 316
/| ~
H / 4 s 32
80 1 / a SN
S : / 9 L S £54
> ;  10° 4 T g 96
£ / 100 1 Fo——=—=== = £ ~~gl28
g 70 ; ! = TS e 256
2 ’ ! 5340 """""""""""""""""""""" B
% 80 - H !
/ 1 102 4 I
60 , 1 1
/ H 1
I/ 60 .
1
50 E-T
100] :
40 . . ; 8 I I
0 10 20 30 X !
407 i i i i 102 10 10 ' 105
0 100 200 300 400 50 52 _ 70k
# training steps # Q-net weights
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https://arxiv.org/abs/2209.11044

Hor. Dipole Vert. Dipoles

1m long

BTV Booster structure 2 Solenoids

e- going to the

Getting real...

Spectrometer

RF-gun

Matching
Triplet

Pepper-Pot

« AWAKE electron beam line (10BPM) S |
https://qitlab.cern.ch/be-op-ml-optimization/envs/awake Hor. Dggle POt
crtc = CARETNUTE Dy R —
! [ I ‘ | - | : 8 Quadrupoles l::- ;
s Q A ; 2 Beam cha'rge d?agnostfcs |
s u(s|lo®) = a 09\& Q(s,ale®| W fTO % 2 Ciptical dingnastics = |
a Evaluation on real beam line
L Y J 5
'Y a, ]
Policy Gradient: Voup = E,[VouQ (s, u(s16%)169)] = E,[V,Q(s,al0?) - Vguu(s|6H)] E
L
0
agm . - . . -1
« Actor-critic Q-learning training on simulated annealing. z 5] -
1S
. . Z _ 4 -
« Successful evaluation the real beam-line 7 — Iniil
—-== Objective
-° 0 1I0 2I0 3I0 4I0 50
Hybrid actor-critic algorithm for quantum reinforcement learning at CERN beam lines Episode

— M. Schenk, E.Combarro, M.Grossi et all https://arxiv.orqg/abs/2209.11044
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https://gitlab.cern.ch/be-op-ml-optimization/envs/awake
https://arxiv.org/abs/2209.11044

Quantum Fuzzy Logic xi i
« Fuzzy Logic general applications: X2 E Init
O Control systems Oracle
O Explainable Al inference engines x3 —  Init
* A Quantum Fuzzy Inference Engine (QFIE) has been v
i Y L
proposed in [1]. il
O Amplitude encoding of fuzzified values 2.0
Q Formulation of fuzzy rule base as a quantum oracle Nl
o 1.6
. . . z 1.4 1
- Advantages of a quantum fuzzy inference engine: L
1.0 A : : : : : : : :
1. Exponential advantage in the number of queries to the oracle B s st
2. Quantum computers can be programmed with linguistic rules. 3_% 2000 4 \—\/\——/_\/\/\/\
g —4000 A
§ — Initial reward
2 —6000 1 —— Final reward

0.0 2.5 5.0 7.5 100 125 150 175
[1] Acampora, Giovanni, Roberto Schiattarella, and Autilia Vitiello. Episode
"On the Implementation of Fuzzy Inference Engines on Quantum Computers." IEEE Transactions on Fuzzy Systems (2022).
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Quantum machine learning for quantum data

- Quantum-enhanced Task: Drawing phase diagrams
I SESIEIR —~ | Quantum
information
QO = o3 1. Supervised classification using a
EZ}‘% § e o convolutional QNN using the
ol o A groundstates as input data.

—
S—

Classical
information

2. Advantageous since quantum states are
exponentially hard to save classically.

Physical world

Conventional

Huang, et al., Science 376, 6598 (2022)
3. Bottleneck: we need access to classical
training labels! Interpolation does not

1. Work directly with quantum states.
work

2. Bypass any classical processing.

Cong, et al., Nat. Phys. 15, 1273—1278 (2019)
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QML for generalization vatona quantum data

= Train in easy (integrable) subregions

= Generalize to a full model

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

N
— 1 1+1 1 1+2 )
H=J E 0,0, ko,o,' -+ ho,
Senk, Physics Reports, 170, 4 (1988)

Which is integrable for k = 0 or h = 0.

Monte Carlo,
DMRG

0.0 0.25 0.5 0.75 1.0
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CONVOLUTION POOLING

VQE =
[ | — e M)
- HHH | -|’7’| CONVOLUTION  POOLING
- H el @ —@i)
_ | &
- H i e ==l ke
10)®Y {1 [ le(6;x,R) || |R|||C = R p—
) il .-u_l_c S -*-u &l r
= e 1= c FC P;
—\—,_—u ~— : <> \_J_ é @ <> —/ —/
Binary Cross-entropy Labels:
- [0,1] ferromagnetic
Loss: Z Zyj r, h)log (p;(k,h)) - [1,0] antiphase
( h)ESY =1 - [1,1] paramagnetic

[0,0] trash label

Monaco, Kiss, Mandarino, Vallecorsa, Grossi, arXiv: 2208.08748 (2022)
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Results Learn a similarity function between the data.

Kottman, et al., Phys. Rev. Research 3, 043184 (2021
Monaco, Kiss, Mandarino, Vallecorsa, Grossi, arXiv: 2208.08748 (2022) Y ( )

Size of training set QCNN (95%) Autoencoder
- p— - p—— Lo Conclusions
S 0 _j‘f"i:—.-;—i_"'_: —e—e’ e  Training Points S}/ + Initial state |¢))
0. .
el " 1. Extrapolation from few
. ; (2) 0.6 training data [caro et al., Nat
N =6 506 <1 Commun 13, 4919 (2022)].
- < 0.4
0.4 N=6 )
§ 5 (Uniform) . 2. Performance increases
U niorm b . y .
v b St (Gaussian) with the system’s size.
1 2 3 4 5 1'0 15 20 25 30 35 40 G4
Training Points n K
. 3. Adresses the bottlneck of
P 1 =l R, needing expensive
= v training labels.
go.s- " y | | |
N=12 -u N 4. QCN.N.g|ves quantitative
predictions
0.4 N=12 . [Banchi et all., Generalization in Quantum
t Sp (Uniform) i Machine Learning: A Quantum Information
Sk (Gaussian) Standpoint, PRX QUANTUM 2, 040321
0.2 0.0 (2021) ]

1 2 3 4 5 101520 25 30 35 40
Training Points n
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Beyond this...
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F.Rehm, Full Quantum GAN Model for HEP S.Chang, et all, Hybrid Quantum-Classical

Detector Simulations, ACAT22 Networks for Reconstruction and Classification
S of Earth Observation Images, ACAT22
E.Stavros et all., Quantum simulation with Generator: MERA-up BiscrminaterNERASown EuroSAT .
just'in'time compilation, Quantum 2022 i 0B . G 0012 0024 0 0037 0024 0012 0 0012 0012 0
. 0> R R, o 97 0 0.017 0
Qibo stack ¢
@ \0><m—< oe
Borras, Kerstin, et al. "Impact of quantum noise on the High level API . a lo> {578
training of quantum Generative Adversarial aio> .
Networks." arXiv preprint arXiv:2203.01007 (2022). S o asl0> —¢ ”
[ o ] 5 10>
1.50 i i a
. q7 [0> co
15 —— Worst (Highest Dkr.)
2 —— Best (Lowest Dkz) [ ceujeu | acAN
o 1.00 Mean Abstraction layer (AbstractBackend) o " E .
E . — » E 3
[ .. 20 4
Lau) 0.75 =50/ qibojit, gft, double precision 5 E . § E o o o o o o o o o o o
> Po 0 —e— NVIDIA RTX A6000 (cupy) Partic] o ST s ] ) ‘ -0
= §104 - NVIDIA DGX V100 (cupy) article . ry E Al Forest | Herh,  Highvay ma.mm.nm.m P Residentl Rvr Sl ot
E 0' & NVIDIA GTX 1650 (cupy) ) g Predicted labels
;‘2 £10° —— AMD Radeon VII cupy) x wr S o01s o
E --<-- NVIDIA RTX A6000 (cupy-multigpu) 15 Energy x o
2 2| —— AMD EPYC 7742, 128 th., 2TB (numba) %) ) . 0.50 .
3 10 ATOS QLM, 384 th., 6TB (numba) = ° \ﬂe (@) E 0.63 *x 0.57
0.0 2 025 .
70 200 400 600 800 1000 g“" ) .
Training Epochs " S rererr e 000055 0.90 0.95 070 072 074 0.6
3 - 75 % 5 e 5 Training Accuracy Test Accuracy
Number of qubits
Tl'JySl'.'lZ,I(C?nk, et al. I"Hybrilc: quantum cIassicaQI gratph neural O. Kiss, Quantum computing of the
networks for particle track reconstruction." Quantum 6Li nucleus via ordered unita B ; "
. ravo-Prieto, Carlos, et al. "Style-based
Machine Intelligence 3.2 (2021): 1-20. G. Gemme, M. Grossi et al, IBM Quantum Platforms: A led clust i . y_
Quantum Battery Perspective, Batteries 8, 43 (2022) coup’ed cluster, quantum generative adversarial networks
~F- hybrid (10) ' ' 10.1103/PhysRevC.106.034325 for Monte Carlo events." Quantum 2022
o —%- hybrid (19) N
[SHR . e, .
g 044 —#— classical = - a Ratio reference / generated
o 5] ot 0= AT R
g — +§”' = -.- ascending " ".‘E"g;
5 0.42 - 2 = 8 10 "\C AP QE QBE (QNSPSA) —10% . = Ty d’.:
= W 5 o © . -
© H i 1] x10° : descending 5
& 1.00 g ® ADAPT-VQE .
x w2 0 w2 o« 075 . ® Dbest shuffle -
3 0.40 Superconducting phase.§ ) I g I Rt ‘>
- 5050 ® QBE
3 St o u . $ "
[an] o Level spacing: A = 20 eV - ° LLdescepding L descendind’s ~ —=10°+4
X = = ° descenfilng - -
0.38 : [} ® ascending
T 1 T 2 6 160 260 300 400 500 600
10 10 optimization steps
Hidden Dimension Size
-107 4
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Exclusion Region for the Higgs mass

e 6 : .
* Electroweak fits: | Il Theory uncertainty ¢ |
{ Ao =
my < 237 GeV (95% CL) S- -_ —o.z;a;euo.oowe 7
. § ~--0.02747:0.00012 .
* Theory: self consistency of SM to GUT scale & B ' data -
=~ 1016 GeV R 3- )
<
130 < my < 190 GeV 2' |
« my higher - theory non perturbative, 1__ ]
my lower — vacuum unstable EzZasa Preliminary
0 —— : :
20 400
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Exclusion Region for QML in HEP?

Metrics

165

« Classical intractability: what useful problems

150

can we solve on a quantum computer that we
135

cannot on a classical computer? 120
105

* Innovation: what new algorithms can we come
90

up with? 75
60

« Computational complexity: how can we obtain 5
4

certain speedups? 5

 Where QML is the right solution to our problem?
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CERN Quantum Technology Initiative

Accelerating Quantum Technology Research and Applications

p

Thanks!

michele.grossi@cern.ch
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https://openlab.cern/quantum

