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Investigation of Learning Function in Single-Electron Reservoir Computing Circuit
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Fig. 1 Schematic of single-electron reservoir computing
circuit. The reservoir layer utilizes positive-biased
single-electron oscillators (SEOs) or multiple-
tunnel-junction SEOs (MJSEOs), represented by
filled circles, and negative-biased SEOs or MJSEOs,
represented by empty circles. The input layer is
equipped with voltage sources to apply trigger
voltages. In the output layer, the signals from the
reservoir layer are multiplied by their respective
weights and then summed up using the following

formula:

Output = Y; w;x; (V;i z \S/Ygllr%:;ss)
(&% CHR]
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Toward development of a physical reservoir that detects vibration (1)
BRELBET OM)KEHEE EANR
Waseda Univ., °Atsuhiro Mizuno, Tsuyoshi Hasegawa
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WEAAF R E A 2R A Fig. 16 (R 3, RIS DA ITBI S R o T2y, Wi
DOIEMETH 1,000Hz 11T Tl KOBITRERENEG SN, BE, Fig. lc D X 572U FR—H5
DIREN LT WHE T2 AW T, IRBIEFAC X » COIESIERMEN LT 2 0 E 0 OMGEER 21T -
TWb, BHIZ, ZNn60fEREE LD THET S,

(a)
)
e
=]
o
£
0.59 0.60 0.61
time (s)
(b) (©
3.0
e
5 22 \ A
= ////,
020 —— 1V )‘
© — 25V 4 A
15 —¥— 5V // ‘ /\/_\
107 10° 10° 10° l\/ f

frequency (Hz)

Fig.1 (a) Change in input voltage and output voltage. (b) Short-term memory capacity as a function of

voltage and frequency. (c) Device fabricated to detect vibration.
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Characteristics of a Physical Reservoir Using a Ag-doped Ta2Os Thin Film
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Fig. 1 Results of short-term memory task. (a) Memory capacity measured for four Ag-doped Ta,Os physical
reservoirs with different Ag-Ta,Os ratio. (b) Change in determination coefficient measured with 4,000 Hz

and 2V. (c) Target waves (red) and synthesized waves (blue) in the STM task for delay 1 and delay 2.

[1]Y. Shimizu et al., JJAP 62, SG1001 (2023). K. Minegishi et al, JJAP 62, SG1032 (2023).
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Delaying and multiplying Analog Input Signal at In-Materio Reservoir Computing
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Optimization of Magneto-Optical Diffraction Deep Neural Networks
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Training of MO Diffractive Deep Neural Networks by Monte Carlo Method (1)
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1) T. Fujita et al., Optics Express, 30, 36889 (2022).
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Evaluation on recording error of Magnetic domains in Magneto-Optical Diffractive
Deep Neural Networks using Magneto-Optical Effect
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[Z%3CHk] DT. Fujita et al., Optics Express. Vol. 30,  Fig.1 Classification accuracy of test images
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Training of MO Diffractive Deep Neural Networks by Monte Carlo Method (2)
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°F. Z. Chafi!, R. Oya', H. Sakaguchi', H. Nonaka?, H. Awano®, T. Ishibashi'
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Deep Neural Networks (DNNs) have been surprisingly developed and implemented in various applications.
However, as the DNNs have become more complicated, the high-speed computing and the energy
consumption are much challenging. To solve those issues, we have proposed magneto-optical diffractive deep
neural network (MO-D?NN) device [1,2]. In this study, we propose optimization of the learning process of
MO-D’NN by Monte Carlo Method (MCM).

The proposed model in this calculation consists of two hidden layers, with a domain size set to 1 um, the
wavelength of the incident linearly polarized light was kept 633 nm, and the distance between the layers and
the hidden layers was fixed at 0.5 mm. MNIST dataset has been chosen as input data for the simulation of
handwritten digit classification. Magnetic domain patterns in the hidden layers, which were rondomnly
prepared, were rewritten using the MCM with steps of 1 — 1000 for an input of one handwritten digit. This
procedure was repeated in series for seven inputs of the handwritten digits.

Figure 1 shows input images of seven handwritten digits, output images obtained after calculations with
1000 steps of MCM for the seven handwritten digits, and the ideal output images. The outputs reflected the
convergence of the light intensity towards the appropriate area for each degits, which matched to the target
images. This confirms the reliability of the Monte Carlo method to optimize the magnetic domain patterns in
the MO-D?NN.

This work has been supported by JSPS Grant-in-Aid Scientific Research JP23H04803.
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Fig. 1 Input images of seven handwritten digits, output images obtained after calculations with 1000 steps of MCM for

Calculated outputs
after 1000 MCSteps

Ideal outputs

the seven handwritten digits, and the target output images
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