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Introduction
. Neutral Atom Quantum Computing



| 7Y (qubits - Rydberg atoms)t & AtXt operators) it Pasqal

= Rydberg atom refers to the highly excited state (n » 1) e.g. |nS), |nP), |nD).
- Large dipole moment with long lifetime (~ 200 ps) & large size ( ~ 500 nm)

= Quantum simulator: a physical system mimicking another quantum system of interest
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e.g.) Ising model: Spin system VS. Rydberg atoms
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| SZF8HA - Hamiltonian(Analog) vs. Digital mode 7% Pasqal

Hamiltonian (Analog) Approach Gate-based (Digital) Approach
One Hamiltonian with continuously conftrolled Each gate is done in isolafion, by acting locally
parameters (intensity & frequency) dictates the only on the involved qubits.
dynamics of the whole system.
Oracle (for |10)) Grover diffusion operator
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| Neutral Atoms Drive Our Quantum Technology ## Pasqal
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The mirror sends the reflection back
to the camera, and therefore the
image of what is happening in the
vacuum chamber
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Zoom laser pattern:
Atoms frapped in laser beams

Vacuum
chamber

Zoom vacuum chamber

Source: Quantum computing with neutral atoms, Quantum 4, 327 (2020)

]‘ 213 ) 1| Optical system allows
the laser beam to be
divided into several beams
Og(? called “optical tweezers”
- 2| Multiple optical
tweezers
CONDITIONS: o
VACUUM CHAMBER 3| Trapped rubidium
20°C )

atoms (1 atom =1 qubit)




| Hardware set up : Scalability #¥ Pasqal
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“My Life as a Quant”

by Emanuel Derman(1945~, E0tZ 2|73 3t= E412| 22
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Quantitative Finance
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JPMorgan Chase: Quantum for Finance,
Al & Optimization

“JPMorgan Chase is one of the first financial institutions worldwide to
IPM Fi invest in quantum computing and to build an internal team of
‘(,l I‘\\‘(l?lg’(;}(‘) scientists to work on new quantum algorithms and applications to
B g address business use cases in finance, Al, optimization and
cryptography. " from Applied Research (jomorgan.com)
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I Exam ple ## Pasqal

S & X DH (Black-Scholes model)

“Stochastic Differential EQuations (SEDs)”

2 052 a5 “Geometric Brownian motion”
F: THMAEO| 714, S: 7| XA 714 r: 2™ O|Xt=, +: A7, o: HEMd
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| Quantum Approaches for Black-Scholes model

-
4 Pasqal

1. Quantum Monte Carlo algorithm [1]: 280A] 2t3 =24 st 7tA S Y
Jelnivioll 4.0 \UI’ VvV pdyUll) LEL G T IN. A JUnCLion 1 . .I.L\+ 7 IN 1S G conLinuous prece-wise ajjine (L/f 1 PVst
‘unction if it can be represented as
K
h(w)=2§kmax{ak’l-m+bk’l 1l=1,...,Ik}, (8
k=1
vhere K. I, e N and £&. € {—=1.1} fork=1...., K. and where ar.; € R b, eR fork=1...., K, l=1,..., I
2. Mapping to the Schrodinger equations (2023) [2]
Vv v 1 3%V
—+rS—<+ 50’8 — =71V, (1)
ot S 2 N
A7 SNV Hps =iZp* — (L —r)p+irl
ot ! 2P\ 7))
3.

Differential equations with Neural Network DQC (Differentiable Quantum Circuit) [3]

[2] J. Gonzalez-Conde et. al. “Efficient Hamiltonian simulation for solving option price dynamics,"” PHYSICAL REVIEW RESEARCH 5, 043220 (2023)

[1] J. Chen et. al. "Quantum Monte Carlo algorithm for solving Black-Scholes PDEs for high-dimensional option pricing in financeand its complexity analysis,” https://arxiv.org/abs/2301.09241 (2024)
[3] Annie E. Paine et. al. "Quantum Quantile Mechanics: Solving Stochastic Differential Equations for Generating Time-Series” Adv. Quantum Technol. 2023, 6, 2300065
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| Combinatorial Optimization

=  Combinatorial Optimization

v

The question becomes: “which graph is the best?”
- minimizes/maximizes the cost, an objective (cost) function C(z)

Maximum Independent Set (MIS) = Max number of Rydberg excitations

Quadratic Unconstrained Binary Optimization (QUBO)

Unit-disk MIS graph problem

https://www.pasqgal.com/articles/white-paper-quantum-computing-with-neutral-atoms

-
4 Pasqal

(AT

Travelling salesman problem
(TSP)
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Financial relationships Encoded in Graphs
Many data sets in finance describe relationships between
- . . . Nodes represent Edges represent the
entities and these feloflonshlps can be encoded in graphs each entity in the relationships, e.g.
( elgle in a network| data, e.g. « Exchange rates
+ Currencies » Transactions
Examples include: s ° Owner@
» Corporations * Loans
i * Banks » Correlations
Foreign exchange rates - Equities

Transactions between parties
Corporate ownership
Interbank loans

Correlations between equities

Properties of the graph can . / QR
represent the formulation of the S S .. /{ \
problem one is trying to solve, ‘fff ~ ' _;?i‘*--a-.&}‘)
\ v

N/
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Quantum Applications

* Dynamic portfolio optimization (assets, composition) [1]
* Financial Risk Managements [2]
 Quantum Generative Modeling for Finance [3]

Options or derivative pricing (DQC) [4]

[1] S. Mugel et al. “Dynamic portfolio optimization with real datasets using quantum processors and quantum-inspired tensor network” PR Review (2022)

[2] L. Leclerc et al. "Financial Risk Management on a Neutral Atom Quantum Processor,” Phys. Rev. Research. 5, 043117 (2023)

[3] B. Coyle, "Quantum versus classical generative modelling in finance” Quantum Sci. Technol. 6, 024013 (2021)

[4] Annie E. Paine et. al. “Quantum Quantile Mechanics: Solving Stochastic Differential Equations for Generating Time-Series” Adv. Quantum Technol. 2023, 6, 2300065
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=280 A ZEEZ|2 %A 3}: quadratic unconstrained binary optimization (QUBO)
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7| = uft LK inspired) 2 12| &
1. Gekko solver (a Python-based 1. D-wave hybrid (QUBO)
optimization) 2. VQE on IBMQ

2. Exhaustive solver 3. Tensor-Network solver



| Portfolio optimization (assets, composition) 74 Pasqal

IF PORTFOLIO OPTIMIZATION PROMISES _ . ' . o
OUTSTANDING RETURNS, WOULDN'T YOU TAKE IT? The resulting classical Hamiltonian including market im-

...  UNOPTIMIZATION AFTER OPTIMIZATION pact is therefore

EFD2

Holdings Risk aversion

\l / Forecast covariance tensor

RD1
RD2

W PPF1

™ Fixed Deposits 2
= @ H=> —u o+ 2w ; Zior + AM(Aw,)
: :UPZ 12% Shares / t =[£
LSS Funds et
iy -return T T ’
e e s = Aw, Ao, + p(u' @, — 1)7, (32)
s = Forecast returns
i again in terms of normalized weigth$™Note that this Hamilto-
. . - nian is in the form of a QUBO.

https://www.holisticinvestment.in/how-to-optimize-your-portfolio-for-outstanding-returns/ Transaction costs

Ref[1]
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Financial Risk Managements [2]

. LA M ' Fallen Angel‘2 & 530| £XF S20|A] high yield =22 2 StEfet 7| = 20|
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- O Hd
Random Forest (2,30074 0|4 7| &, At (inspired) ¥ 12| &
91,0007HQ| QIAEA 153712] 7|52 2
/4=l OOl MEE a5t Al Y QBoost algorithm on Pasgal QPU

R= Aro, CACIB)
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| Financial Risk Managements [2]

pattern

¢ Quantum Classifier with boosting - TN

N N N N w
()] ~ [ee] (=] o

Precision (%) @ Recall of 83%

N
(621

" ]
Trap Q

Quantum
evolution
over H(t)

Wq

*

Relabeling
+
Cost
estimation

— 1

Quantum Classifier vs. Random Forest
¢ Quantum Classifier 1 with subsampling - QPU

Best Random Forest

Quantum Classifier 2 with subsampling - QPU

305
/
30—
295,600 2800 4000
1 |
W : P
12 20 32 40 5060 100 150 282342 500

Number of Qubits/Learners

% CREDIT Pu
X aGRICOLE ¥ Pasqal

Method

QBoost-based hybrid quantum-classical algorithm trained on Pasqal’'s 50-qubit
quantum processing unit

Constructed a strong binary classifier via Quadratic Unconstrained Binary
Optimization (QUBO) of the weak Decision Tree classifier ensemble

Random Graph Sampling: a proprietary algorithm to speed up neutral atom QC
by randomly sampling partial solutions, then reconstructing together for the
complete solution

Distinct advantages of the quantum approach over the classical approach from
the imbalanced dataset & expansive solution space

Results
96% Quantum approach achieved the same level of precision and
fewer initial recall value as classical solution while using a much simpler
learners model

Concrete advantage over classical benchmark shown from simulation w/
additional flavor of qubit interaction on ~90 qubits (on roadmap by 2024)

First-of-their-kind results pave the way for quantum machine learning solutions for
similar problems across the financial sector

22



Quantum Generative Modeling for Finance [3]

- = H:Synthetic data generation (SDG, &4 H|O|E M4A)

- HA| HOJHZ =&ot= U AN S8, Al=d0|d 22, 83T = A8 22X Hlo|H

MEQ 552 &d HlO|HE 4
J|= utiy LKt inspired) ¥ 12| E

Restricted Boltzmann Machine (RBM) Qu?gg&fgﬁuggst?g\cgsﬁame
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| Quantum Generative Modeling for Finance [3]

QCBM
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B. Coyle, "Quantum versus classical generative modelling in finance” Quantum Sci. Technol. 6, 024013 (2021)
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