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CLASSICAL VS. QUANTUM EXTREME LEARNING MACHINES

Quantum extreme learning machines (QELMs) have recently emerged as promising tools for both classical and quantum information processing without requiring fault-
tolerant hardware. Compared to classical extreme learning machines, QELMs offer enhanced expressivity and an exponential reduction in resource requirements, while

retaining simple and robust training procedures.
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BRIDGING THE TWO WORLDS TOGETHER

The scalability of QELMs is fundamentally limited by the need to estimate expectation values of output observables through repeated measurements, a consequence of
the probabilistic nature of quantum mechanics.
This requirement results in long acquisition times and increased sensitivity to experimental drifts, which become more severe as the system size and training dataset grow.

Can we tackle this issue by mapping the intensity of a strong macroscopic signal onto the expectation value of an observable at the output of
the QELM? Under some conditions, yes!
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EXPERIMENTAL IMPLEMENTATION

« The QELM is implemented on a photonic platform. Two photons, generated by spontaneous four-wave mixing in a silicon waveguide, form the input qubits.

* Logical states are encoded in the photon frequency (frequency-bin encoding). A wide variety of separable and entangled states can be generated for training and
test through pump engineering and a spectral pulse shaper.

« The reservoir is an electro-optic phase modulator. It implements a tight-binding Hamiltonian among frequency modes, and is also used for dimensionality expansion.

« Training is performed with stimulated emission, test is conducted by frequency resolved coincidence measurements.

 Classical training based on stimulated emission allowed us to reduce the training time from 24 hours to 75 minutes, and to improve the
SNR by two orders of magnitude compared to frequency resolved coincidence measurements.
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