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We developed a machine learning method that can estimate changes in spin-spin
interactions caused by impurities, which is useful information for controlling magnetic
refrigeration properties by impurities. In this method, when physical quantities measured by
experiments are inputted, it is possible to automatically select an effective model which can
explain experimental results. As a result, we can understand how interaction between spins
changes by the impurity effect when experimental results with different impurity
concentrations are inputted. Furthermore, even when the experimental data for evaluating
the magnetic refrigeration properties is lacked, the magnetic refrigeration performance can
be predicted by using the effective model estimated by our method. It can be used as a
screening tool of high performance magnetic refrigeration materials. We also developed a
machine learning technique to speed up this method by Bayesian optimization.
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A VHMHEAEH Z WL T 5720121F, ANTHEBHREZRD L CHHTE LAY Y
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P(x|y®) o< exp[-E(X)]. (1)

2L EX)IZAY VMHESEHOMAXDBEEE L TEEINLIIANVT—BETHY
T TEHRINS.

1
E@D=Z;@“—ym&DLJ%P&) (2)

CZT, yBIPyd X IEANT2ERFHRE, A VHMHEEHNSx DL IEHH
THONLIYWHEZZNENET. 72, P EFHHSMm LI, AY¥ UV HHEIER
WS 2 HETAGRICEES 5. SO X ) ISEPNL FRIERGAORKSEMN 2 HETH
LT, EBREREEARD LCHWTELAY VMEEE S HE S5 (Fig. 1).
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THNRFEITTES.
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Fig.1 Strategy to estimate spin-spin interactions from the experimental results by machine learning
based on Bayesian statistics.
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LT 256, BEMCENETVEIEE L WA RE, MR E5 701K
BEHR L E A1, FHREENS K 25 WEENDTH 5.
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Fig.2 Results of the average E,, of the minimum values of the energy function obtained from 100
independent runs in the effective model estimation. (Left) E,, as a function of sampling number
N; obtained from the random search method, the steepest descent method, the Monte Carlo
method, and the Bayesian optimization. (Right) Results from the random search method (RS),
the Bayesian optimization (BO), the random search method with the steepest descent method
(RS+SD ), and the Bayesian optimization with the steepest descent method (BO+SD)
(Reproduced from Ref. [6]).
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