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Statistical mechanics/dynamics of learning algorithms on quantum substrate

Statistical Mechanics Learning Algorithms
& Dynamical Systems (CS + Neuro)

Quantum Extreme Learning Machine (QELM)
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Why QELM and QRC? A Brief Detour: The Quest for Quantum Advantages
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x |deal (Fault-tolerant) quantum computational advantages

Textbook algorithms: Shor’s, Grovers’s, HHL, etc.

J Noisy Intermediate-Scale Quantum (NISQ) Era

Variational Quantum Algorithms (VQAS)
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Why QELM and QRC? A Brief Detour: The Quest for Quantum Advantages

x |deal (Fault-tolerant) quantum computational advantages

« Noisy Intermediate-Scale Quantum (NISQ) Era

Parameter update

Textbook algorithms: Shor’s, Grovers’s, HHL, etc.

Variational Quantum Algorithms (VQAS)

Curse of Dimensionality
Untrainability (Barren Plateaus)
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J Noisy Intermediate-Scale Quantum (NISQ) Era

Variational Quantum Algorithms (VQAS)
x Barren plateaus are ubiquitous

No variational parameters. Use NISQ devices to generate
high dimensional feature maps for Quantum Machine Learning

Quantum Kernel Methods
? Quantum Extreme Learning Machines (QELMSs)
? Quantum Reservoir Computing (QRC)

quantum scrambling to the rescue?



Examples of Non-Variational Algorithm: Reservoir Computing
Edge-of-chaos recurrent network reservoir
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Examples of Non-Variational Algorithm: Reservoir Computing
Edge-of-chaos recurrent network reservoir

kuramoto-sivashinsky spatiotemporal chaos
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J. Pathak et. al. Phys. Rev. Lett. 120, 024102, 2018

Quantum scrambling reservoir (Chaotic Ising)

, (a)1 Lorenz attractor
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Seems promising for 10+ qubits, but will this scale?
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Quantum Reservoir Computing in a Nutshell

ﬂnput data \

Outputs
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Quantum dynamics ( J )
\ J Importantly, this is an exactly trainable model!

SYNOPSIS

Experimental Property Reconstruction in a Photonic

Quantum Machine Learning Goes Quantum Extreme Learning Machine
Alessia Suprano ™', Danilo Zia ®'-*, Luca Innocenti (%", Salvatore Lorenzo (®%*, Valeria Cimini
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April 16,2024 « Physics 17,s41
Phys. Rev. Lett. 132, 160802 - Published 16 April, 2024
Measuring a photon’s angular momentum after it passes through optical devices teaches an algorithm to DOL https://doi.org/10.1103/PhysRevLett.132.160802

reconstruct the properties of the photon’s initial quantum state.
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Seems promising for small quantum reservoirs, but will this scale?



Quantum Reservoir Computing in a Nutshell
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Exponential concentration of observable readouts

<O>x concentrates exponentially in the system size towards an input-
iIndependent value.
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in order to estimate (O), accurately
to distinguish the two inputs I, &



Exponential concentration of observable readouts

<O>x concentrates exponentially in the system size towards an input-
iIndependent value.

Deterministic concentration

(O)z — p| < 6 ~ exp(=n)

Probabilistic concentration

Pr{|(O)s — sl > 8] < 5 ~ exp(E)

Consequences

Sampling error ~ 1/\/Nshot —> IVghot "~ exp(n)

in order to estimate (O), accurately
to distinguish the two inputs I, &

— Barren Plateaus in VQAs

— (Generalization error in non-VQAs learning model:

Quantum Kernels Thanasilp, S., Wang, S., Cerezo, M. et al. Nat Commun 15, 5200 (2024)

+ QELMs + QRC W.Xiong, ... TC, Z. Holmes, Quantum Machine Intelligence (2025)
W. Xiong, ... TC, S. Thanasilp, under review in npj QI



Sources of concentration in QELM

Expressivity
of both encoding and reservoir
(2-design ~ extreme scrambling)

Probabilistic Concentration
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Deterministic Concentration
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In QELM, somewhat similar story to VQAs

A tug of war between high expressivity and avoiding exponential concentration

Large, expressive
reservoir with
global
NEERCI T
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Results for Quantum Reservoir Computing (QRC)

Role of scrambling and noise in temporal information processing with quantum systems

Weijie Xiong,!'? Zoé Holmes,"»? Armando Angrisani,"?
Yudai Suzuki,!»? Thiparat Chotibut,® and Supanut Thanasilp!> %3
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3 Chula Intelligent and Complex Systems Lab, Department of Physics,
Faculty of Science, Chulalongkorn University, Bangkok, Thailand
(Dated: May 16, 2025)
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Concentration still happens, but not too bad at early times

Theorem 1 (informal) The output variance of some observable O at some large time t under extreme scrambling reservoir

dynamics vanishes exponentially with the system size: Vary.y(a,q,)[(0)t) € O (32[3; ]) , where d, = 2™ and dj, = 2™".
ah

B For large t, output concentrates in the system size; but no further concentration in time.

B Scalability barrier for large QRP: output concentrates towards an input-independent mean!

B Consequence: poor generalization, despite guaranteed trainability (linear regression).
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Proof strategy: express temporal correlation as a (larger)
spatial correlation

Step 1 Step 2
(embed time series into space) (recast into a standard Haar integration form)

input states at later times
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Proof strategy: express temporal correlation as a (larger)
spatial correlation

Step 1
(embed time series into space)

input states at later times

Step 2

(recast into a standard Haar integration form)
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B 2r-design assumption is stronger than the typical 2-design



Storyline of quantum algorithms on NISQ machines (up to now)

This applies to VQAs, Quantum Neural Networks, Quantum Kernels, QELM, and QRC

1-20 qubits
(promising candidates)




Storyline of quantum algorithms on NISQ machines (up to now)

This applies to VQAs, Quantum Neural Networks, Quantum Kernels, QELM, and QRC

1-20 qubits 40+ qubits
(promising candidates) (regime with hopes for quantum advantage)
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(Exponential Concentrations of Outputs)




Can’t noise be harnessed as computational resources?




Can’t noise be harnessed as computational resources?

Perhaps the secrets lie here!
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Random noise promotes slow heterogeneous synaptic dynamics
important for robust working memory computation

Nuttida Rungratsameetaweemana®”’, Robert Kim>“'{2}, Thiparat Chotibut®*{}, and Terrence J. Sejnowski®®"?
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