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RC paradigm is particularly useful for learning dynamical
systems (time series), even when the dynamics is chaotic. RC
Is a viable tool for weather modeling or broad ESG

applications.

D. J. Gauthier et. al, Nat. Comm. 12: 5564 (2021)



Hybrid Quantum Reservoir Computing N

ground truth dynamics Traditional Reservoir Computer forecasted dynamics

Reservoir r;

1,4

/ ro -
—y 2,1
_) '3,i E:>Wout I'it1=
\

TN,
ri 1= (1 —9)r; +vf (Ar; + WX, + b)

How to exploit the most power of
quantum mechanics?

How to extend that framework for

weather modeling? Prior work on QRC

K. Fuji, and K. Nakajima, Phys. Rev. Applied 8, 024030 (2017)

P. Mujal et. al, Advanced Quantum Technologies, 8, 2100027 (2021)

R. A. Bravo, et. al, PRX Quantum 3, 030325 (2022)

P Pfeffer, F. Heyder, and J. Schumacher, arXiv: 2204.13951 (2022), 2307.03053 (2023)
P. Mujal et. al, npj Quantum Inf. 9, 16 (2023)

A. Sornsaeng, N. Dangniam, T. Chotibut, arXiv: 2308.14239 (2023) (Next talk)

and more

D. J. Gauthier et. al, Nat. Comm. 12: 5564 (2021)



Hybrid Quantum Reservoir Computing N

Traditional Reservoir Computer forecasted dynamics

ground truth dynamics

r;

1,4
2.

"3, E:> Wout rji1=

A —— Quantumcircuit Up o - .
ri 1= (1 —9)r; +vf (Ar; + WX, + b)

How to exploit the most power of
quantum mechanics?

How to extend that framework for

weather modeling? Prior work on QRC

K. Fuji, and K. Nakajima, Phys. Rev. Applied 8, 024030 (2017)

P. Mujal et. al, Advanced Quantum Technologies, 8, 2100027 (2021)

R. A. Bravo, et. al, PRX Quantum 3, 030325 (2022)

P Pfeffer, F. Heyder, and J. Schumacher, arXiv: 2204.13951 (2022), 2307.03053 (2023)

P. Mujal et. al, npj Quantum Inf. 9, 16 (2023)
A. Sornsaeng, N. Dangniam, T. Chotibut, arXiv: 2308.14239 (2023) (Next talk)

and more

D. J. Gauthier et. al, Nat. Comm. 12: 5564 (2021)



Hybrid Quantum Reservoir Computing

Ry (451(1)(1/1(1))) Ry <¢1(2)(Y1(2))> fiy <¢1(3)(Y1(3)))
: R, <¢2(1)(Y2(1))> R, <¢2(2)(Y2(2))> Ry (¢2(3)(Y2(3)))

W(l) W, W
Ry (¢00r) ) R, (#2022 Ry (4809 )& CX, (¢<m><Y<m>>) 3

Random Welghts

in

Ry (42" (0) @ Rz (6:7(V0)) @ Ry (V) Ry (9 ) 88 Ry (45w,
Data wdx B

in : Ll(Y(l)) LZ(Y(Z)) L3(Y(3)) Pt Pl :
ym — wimy ettt aeter st eesa et A e eE A A eE s A eE s AeEeE R A eE A A eE AR e R R A A eE A b eE RS AR s Re A e A b eE A eE s AnE s A s nEasanEanaes A Y A et !
in

Data Encoding Measurement Random
( (X1) \ Feedback Circuit
(X32) (from the previous

outcome)

Data transformation

r,={—-a)r,_, +ag [fr(Wr Ti_pg) I (Wy - M) + f(Wy - Xt)]<—Mt - (Xl)égX?,)

Creation of a reservoir state (Y1) Measurements
. . . : in X,Y and Z bases
Classical reservoir learning :
and forecasting (Z1)
1 :
Ro=| fa(r) -
t — R\Tt 4
Xip1 = W,R,

fﬂc(Xt)



@ Lorenz63 - a chaotic system

Lorenz63 a simplified model for atmospheric
convection, governed by a system of ODEs:

x=10(y — x)
y=x(28—2)—y
z=xy—38z/3

Y/

source: wikipedia

Lorenz attractor
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@ Results N e

QPU simulations
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@ Conclusions N

» The HQRC is a computational framework providing accurate short- and long-
term predictions for low-dimensional chaotic systems.

« The HQRC has potential to compete with classical RC (theoretically)

« Experimentally we need more stability in processors and/or devise error
mitigation strategies tailored for The HQRC

- HQRC doesn’t involve optimization of circuits, so NO barren plateaus
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