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Deep RBM vs. Renormalization Group
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Aoki, K-1., Kobayashi, T., Restricted Boltzmann Machines for the Long Range Ising Models,
Mod. Phys. Lett. B30,1650401 (2016).
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Machine Learning of Statistical System
Tanaka, A., Tomiya, A.,
1 Detection of phase transition via convolutional neural network,
J. Phys. Soc. Jpn. 86, 063001 (2017).

Detection of Phase Transition

Find out Critical Temperature ¢ Optimized Machine Parameters
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Long Range Ising Model (1-dim.)
Aoki,K-1., Kobayashi,T., Tomita,H.,

Finite-Range Scaling Method to Analyze Systems with Infinite-Range Interactions,
Prog. Theor. Phys. 119 509 (2008).

Finite Range Scaling
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Finite Range Scaling
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Critical Temperature vs. P
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Alpha Go Shock

- 1-dim Long Range Ising Model
Phase transition exists
Difficult to evaluate critical temperature

Finite Range Scaling successfully evaluate criticality
Exact calculation possible for finite n by BDRG

- Tensorflow vs. FA(AFEFR)
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- AJJ: Domain Wall &7
- convolution 6E%
- filter: weight + bias + RelLU

n=1: size 2, stride 2, channel 1

n=8: size 2, stride 2, channel 4
- 16site DI = & 5, channel DF0H & 5,  Translational Invariance
- full connection J&: 1 => 16 class output => softmax function

» cost function: cross entropy




fh SR IE &2 (Tensorflow)
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Maximum Likelihood Estimate
P({c}; K;) = exp(— K, E|o]| + F})

—Kibkg+ F = —Kobig + F2 > g =
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Accuracy for Input Temperature Class
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Accuracy for Input Temperature Class

] n=8 +
+

0.6 A
O
© 0.5

N + + + + + +
04 § + -+
Lt
L F
+ exact R=0.436340929569
0.3 A var R=0.427791015625

0 2 4 6 8 10 12 14



Output Class vs. Energy
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Output Class Average vs. Energy
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Output Class vs. Energy
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Output Class Average vs. Energy
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Input Cnfiguration vs. Energy
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out Cass vs. Energy
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Input Cnfiguration vs. Energy
| 1 K=0.2
500 | n=38 1 K=0.22
i | bin size =0.007 | — k=0.24
| [ K=0.26
i 1 K=0.28
600 - 18 ry 1 K=0.3
TR 1 K=0.32
500 1 ; WALk L ] K=0.34
| 1 K=0.36
400 * 1 K=0.38
1] 1 K=0.4
300 - 1 K=0.42
| 1 K=0.44
200 - ] 1 K=0.46
| | 1 K=0.48
Tty “( 1 K=0.5

5 W b

0.6 0.8

Energy *(-1)



Output Cass vs. Energy
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Hamiltonian Recognition Rate (HRR)
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Hamiltonian Recognition Rate (HRR)

HRR
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Specific Heat of Long Range Ising Models
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QJ = Softmax function

== g 300 YjHrBRREEZ) HHEARE
B/IMEXTER © cost function=Cross Entropy
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Data Sample Measure vs. Energy
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Entropy * Measure vs. Energy
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Data Sample Measure vs. Energy
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Entropy vs. Energy
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Entropy * Measure vs. Energy
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loss value
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2 : Cross Entropy D HEF

2.0 n=8 + train
+ test

- 1M learnings

loss_value

+
+
o+
5 0 =A
SR ey YN

1.4

L3 4

0.0100 0.2575 0.5050 0.7525 1.0000
learning_number le6



loss value
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X VS. energy
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Machine Parameters: FC Weights
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Machine Parameters: Bias
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Bias — Free Energry vs. Weight
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Specific Heat (Energy Fluctuation)
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X VS. energy
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Machine Parameters: FC Weights
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Machine Parameters: Bias
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Bias — Free Energy vs. Weight
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Full Connection : FHZ% A




Cross Entropy Flat Direction







