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Classical reservoir computing

Randomized recurrent neural 
network

D. J. Gauthier et. al, Nat. Comm. 12: 5564 (2021)
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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.
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Hybrid Quantum Reservoir Computing

How to exploit the most power of 
quantum mechanics?

How to extend that framework for 
weather modeling?
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Hybrid Quantum Reservoir Computing
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Data transformation

Creation of a reservoir state

Classical reservoir learning

and forecasting
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Lorenz63 - a chaotic system

·x = 10(y − x)
·y = x(28 − z) − y
·z = xy − 8z/3

source: wikipedia

Lorenz attractor

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

RMSE(t) =
1
D

D

∑
i=1 ( ỹi(t) − yi(t)

σi )
2

≥ ε

Valid prediction time (VPT)

8 qubits: 

Layers: R3 | CX | R3 | CX 

Measurements: single and 
two-qubit correlators 

Reservoir size: 108 

VPT = 10.63
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i=1 ( ỹi(t) − yi(t)

σi )
2

≥ ε

Valid prediction time (VPT)

8 qubits: 

Layers: R3 | CX | R3 | CX 

Measurements: single and 
two-qubit correlators 

Reservoir size: 108 

VPT = 10.63

150 reservoir size + two-step 
optimization 

“Quantum boost” 

7

VPT = 10.63

VPT ≈ 4



Results
Classical simulations

RMSE(t) =
1
D

D

∑
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Results
Classical simulations

Poincaré return mapAttractor reconstruction
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Results
Classical simulations
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QPUs
Rigetti Aspen M-3 chip OQC Lucy

Images: qcs.rigetti.com/lattices and oxfordquantumcircuits.com/gallery 10
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Results
QPU simulations
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Lucy 

8 qubits 

2 CX layers 

10k shots



Results
QPU simulations
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Lucy 

8 qubits 

No CX layers 

10k shots

= 0.38



Conclusions

• 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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