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Outline

1. Phase transition analysis with supervised machine learning :
o Carrasquilla and Melko, «Machine learning phases of matter», Nature Physics 2017

o Chertenkov, Burovski, and LS, «Finite-size analysis in neural network classification of
critical phenomena», Physical Review E 108, L032102 (2023)

2. Anisotropy influence and transfer learning:

o Training with isotropic model

o Testing with anisotropic models

o Prediction of critical temperature

o Prediction of critical length exponent

3. Future work and conclusion
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J. Carrasquilla and R.G. Melko, «Machine learning phases of matter», Nature Physics 13 (2017) 431
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J. Carrasquilla and R.G. Melko, «Machine learning phases of matter», Nature Physics 13 (2017) 431
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Chertenkov, Burovskii, and LS — PRE 108, L032102 (2023)
Variation of the output function - V(T) or VOT

Averaging over the testing dataset, we define the aver-
age prediction, FT,




Chertenkov, Burovskii, and LS — PRE 108, L032102 (2023)

Output function and VOT - Ising model with CNN
ising_conv | Z = (p?) - (p)?

ising_conv | OQutput vs T
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Chertenkov, Burovskii, and LS — PRE 108, L032102 (2023)
Baxter-Wu model with CNN (Intersection of outputs not at '2!))
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Anisotropic Ising model on square lattice and anisotropic Ising model on triangular lattice
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Sukhoverhova, Burovskii, and LS — Springer Proceedings in Physics, PRE

Protocol of transfer learning

Oxy-1 Oax,y—l Ox+1,y-1

Training on samples with J,=J,=) Training on samples with J,=0
Testing with varying J, with J,=J Testing with varying J
- Ortogonal anisotropy - Diagonal anisotropy

Supervised ML : 1000 samples at each temperature for training and 500 samples for testing

10/17




Finite-size analysis of F(T) and V(T) — critical temperature and correlation length exponent 1/

1. After testing: plot V(T;L) and approximate with Gaussian

2. Estimate maximum position T*(L)

A

3. Estimate critical temperature [ —= T'* (L) | 5 Eerld/inand and Fisher, 1969
=1/V




Ising model with ortogonal anisotropy — ouput function
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Fig. 2. Deviation of the critical temperature prediction 7 from 7. as function of the
coupling ratio J,/Jx. T" estimated using method of output functions intersection [1].
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Ising model with ortogonal anisotropy — ouput function P(T) analysis a la Carrasquilla and Melko
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Fig. 2. Deviation of the critical temperature prediction 7" from 7. as function of the
coupling ratio J,/Jn. T estimated using method of output functions intersection [1].

spin-spin correlation function was analytically calculated for the Ising model on
the square lattice in the thermodynamic limit

C(0(0)0(R)) = =2y + O(1/B), (1)

where R is the distance between any two spins o(0) and o(R), and F; and
F_ are the amplitudes in the FM and PM phases, respectively. The figure 1 of

the paper [26] shows dependence of the ratio of the amplitudes F.y /F_ which is
similar to those deviation shown in the Fig. 2.




Ising model with ortogonal anisotropy — variation of ouput function V(T) analysis
CNN and Ising model

V(T) analysis P(T) analysis




E
>
C
i)
)
©
-
M
>
©
C
©
E
a
C
0
o+
O
C
>
(S
i)
>
o
>
o
_
>
o
o
| -
)
o
82/
C
©
“©
C
o
oo
O
©
-
X
=
[
©
o
&
o]0)
=
2,




Ising model with diagonal anisotropy — variation of ouput function V(T) analysis

T,/ Tn
1.0 |1.12(3)
0.75 |1.09(3)
0.5 |1.07(4)
0.25 [1.06(6)
0.125 |0.98(14)
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Sukhoverhova, Burovskii, and LS — Springer Proceedings in Physics, accepted
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Ising model with diagonal anisotropy — variation of ouput function V(T) analysis

Binder cumulant, Selke and LS, 2009




Conclusion

. The main result of the research is that the widely used technique for extraction of the critical
temperature directly from the delpendence of the output function 1s not universal. The value of
the output function at the critical temperature depends on the anisotropy of the model under
study, the architecture of the deep network, and some parameters of the deep network

application.
. A more reliable approach is to analyze the variation of the output function.

. The negative result is that NN predicts the critical temperature of an anisotropic models with a
visible displacement.

. The positive result of the research is that neural networks trained on an isotropic model predict
well the class of universality of anisotropic models.

. Transfer-learning 1s possible within the same universality class.
. Number of iterations (epochs) of education process matters.
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. . . Chertenkov and LS — unpublished
Transfer-learning between universality classes P
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Dependence on the number of epochs
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Sukhoverhova, Chertenkov, Burovskii, and LS — Lecture Notes in Computer Science
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Fig. 6. (left) F'(T), the average of the output function, and the variance of output
function, V (T'), (right) for different numbers of epochs 1, 11, 21, 31, 455. Dashed black

vertical line indicates the critical temperature 7.




o o . PHYSICAL REVIEW E VOLUME 55, NUMBER 5 MAY 1997
Pseudo-critical behaviour

Cluster Monte Carlo: Scaling of systematic errors in the two-dimensional Ising model

Lev N. Shchur! and Henk W. J. Blote 2

Xp=Xn—p®Xn—_q Shift-register RNG Wolff cluster algorithm — cluster size at Tc = magn. susceptibility

SE p088 4

“Resonance” of two length

pxx*Ll%

Leads to scaling iof systematic errors!

T
10

SE<(03L7%%p~0-2 — 5C=<0.85L 021y~ 04

Leads to scaling iof systematic errors!

Exponents are specific, but! - the width of their distribution scales according
with Ferdinand-Fisher, with the inverse correlation length exponent!

3D Ising scaling of errors —8C ~ [ 7024 p019 6Q =~ L P0°09




