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Part 1: NG-RC for Many-body Quantum Dynamics Prediction
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Part 1: NG-RC for Many-body Quantum Dynamics Prediction
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Part 2: Quantum Algorithm for NG-RC (QNG-RC)

Linear component of Feature vectors encoding Block-encoding of the feature matrix X Block-encoding of
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Reservoir Computing (RC) in a nutshell
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Reservoir Computing (RC) in a nutshell
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Reservoir Computing (RC) in a nutshell

Input Reservoir state update
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G. Tanaka et. al. Recent advances in physical reservoir computing: a review, Neural Networks, (115) 100-123, 2019



Reservoir Computing (RC) in a nutshell

Input Reservoir state update  Readout
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Reservoir Computing (RC) in a nutshell
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Reservoir Computing (RC) in a nutshell

Input Reservoir state update  Readout (Typical) prediction
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Reservoir Computing (RC) in a nutshell

Input Reservoir state update = Readout  Skipping-ahead prediction
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Reservoir Computing (RC) in a nutshell

Input Reservoir state update = Readout  Skipping-ahead prediction
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Reservoir Computing (RC) in a nutshell

Input Reservoir state update = Readout  Skipping-ahead prediction
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Reservoir Computing (RC) in a nutshell

Input Reservoir state update  Readout (Typical) prediction
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Reservoir Computing (RC) in a nutshell

Input Reservoir state update  Readount  (Typical) prediction
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Next Generation Reservoir Computing (NG-RC) in a nutshell

D. J. Gauthier et. al. Next generation reservoir computing Nature Communications 12:5564 (2021)



Next Generation Reservoir Computing (NG-RC) in a nutshell

Non-linear feature map with “memory” of the past data

O = Sk DSk—A ©Sg—2A D ... DSk (m-1)A
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X O D (Ok (hon-linear for p > 1)

In some limit, equivalent to nonlinear vector autoregression (NVAR) with universal approximation property for dynamical systems
D. J. Gauthier et. al. Next generation reservoir computing Nature Communications 12:5564 (2021)



Next Generation Reservoir Computing (NG-RC) in a nutshell

Input NG-RC feature map Readout (Typical) prediction
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Next Generation Reservoir Computing (NG-RC) in a nutshell

Input NG-RC feature map Readout (Typical) prediction
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NG-RC for forecasting quantum dynamics
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NG-RC for forecasting integrable quantum dynamics
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NG-RC for forecasting chaotic quantum dynamics
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Scalability issue of classical NG-RC for many-body systems
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Part 2: Quantum Algorithm for NG-RC (QNG-RC)

Linear component of Feature vectors encoding Block-encoding of the feature matrix X Block-encoding of
the weight matrix W
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Quantum Algorithm for NG-RC (QNG-RC)

Quantum dynamics
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Quantum Algorithm for NG-RC (QNG-RC)
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Quantum Algorithm for NG-RC (QNG-RC)

Quantum dynamics
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Quantum Algorithm for NG-RC (QNG-RC)

Quantum dynamics
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Summary

1. NG-RC can be applied to forecast full many-body dynamics far into the future,
but with the time cost that scales as O (2*9)
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2. There is a quantum algorithm that performs skipping-ahead prediction coherently with
the time cost and resource that scales as O (d)
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Outlook

. Theoretical understanding of classical NG-RC expressivity
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