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Unsupervised Compared to Supervised
Methods
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Supervised learning
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Unsupervised Compared to Supervised Methods

Label
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77

Unknown
Data
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Neural Network

The NN learns
the data structure

The NN learns
the data structure

Unsupervised Learning of Phase Transitions

We can compare and
recognise new unknown data

We can still compare new
unknown data to our initial data
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Learning Phase Transitions by Confusion

van Nieuwenburg, Evert P. L. and Liu, Ye-Hua and Huber, Sebastian D.
2017
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Classical Ising model on L2 grid
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Source: van Nieuwenburg et al. [1]
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Kitaev chain
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Source: van Nieuwenburg et al. [1]
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Heisenberg model
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Unsupervised Phase Discovery with Deep
Anomaly Detection

Kottmann, Korbinian and Huembeli, Patrick and Lewenstein, Maciej and Acin, Antonio
2020
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Auto encoder
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Source: Jianfeng Dong et al. [3]
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Extended Bose-Hubbard Model

Loss [%]

28.8
25.6
22.4
19.2
16.0
12.8
9.6
6.4
3.2
0.0

Source: Kottmann et al. [2]
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Extended Bose-Hubbard Model

Loss [%]
1536 training data points 84
75
66
57
48
39
30
21
12

Source: Kottmann et al. [2]
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Summary
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Learning Phase Transitions by Confusion

¢ @ No knowledge over phases needed

@ Sampling over the dataset gives a
robust tool to find transitions

P(u)

@ But each sample needs a training
cycle and is more costly than our
07 - ' second method

o/t

Source: van Nieuwenburg et al. [1]
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Unsupervised Phase Discovery with Deep Anomaly
Detection

Loss [%]
28.8
25.6 @ One training over only a small
22.4 L .
109 region is sufficient
16.0 @ Spans a whole phase diagram
12.8 . . .
96 @ Runs on different kinds of input
6.4 data type
3.2
0.0

Source: Kottmann et al. [2]
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