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What we’ll learn

(classical) ML + quantum: WHY? 
 

(classical) ML + quantum: HOW? 
 

Can we machine-learn physics?
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Minimal toy models

X

Data-driven learning
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Quantum physics: Why is it hard?

ψ
2 SPINS = SIZE 4

10 SPINS = SIZE 1024

100 SPINS = SIZE 10^30

50 SPINS = SIZE 10^15

1000 SPINS = SIZE 10^300
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Quantum Bits: Qubits

STATE 0 STATE 1

STATE 0

STATE 1
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Classical states

STATE 0 STATE 1 STATE 0 STATE 1
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Classical states

STATE 0 STATE 1 STATE 0 STATE 1
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Classical states

STATE 0 STATE 1 STATE 0 STATE 1

2 different state ~ 2 numbers 
N different states ~ N numbers 
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STATE 0

STATE 1

Quantum states

STATE 0 STATE 1

a (STATE 0) + b (STATE 1)
SUPERPOSITION
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STATE 0

STATE 1

Quantum states

a (STATE 0) + b (STATE 1)

STATE 0

STATE 1

c (STATE 0) + d (STATE 1)
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STATE 0

STATE 1

Quantum states

a (STATE 0) + b (STATE 1)

STATE 0

STATE 1

c (STATE 0) + d (STATE 1)

COMBINED STATE:   
ac (STATE 0, STATE 0) + ad (STATE 0, STATE 1) +  
bc (STATE 1, STATE 0) + bd (STATE 1, STATE 1)
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STATE 0

STATE 1

Quantum states

a (STATE 0) + b (STATE 1)

STATE 0

STATE 1

c (STATE 0) + d (STATE 1)

COMBINED STATE:   
ac (STATE 0, STATE 0) + ad (STATE 0, STATE 1) +  
bc (STATE 1, STATE 0) + bd (STATE 1, STATE 1)

2 SYSTEMS ~ 4 NUMBERS 
3 SYSTEMS ~ 8 NUMBERS 
N SYSTEMS ~ 2^N NUMBERS



QMAI  |

Quantum physics: Why is it hard?

ψ
Size and complexity of quantum 

wavefunction makes quantum hard!



QMAI  |Wavefunction vs. Reality

ψ
wave function

THEORYEXPERIMENT
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AI?
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Machine Learning & Quantum Physics

Discover new physics from data Efficiently Approximate 
Quantum States

Automated Control of Quantum 
Devices

Discover and optimise 
quantum algorithms

Benchmark quantum 
computers

Design quantum experiments 
and novel materials

AI
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Ising model
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H = �J

X

<i,j>

�i�j

<latexit sha1_base64="q5Cbqpdt4RSWfPyYUuellTBzTOY=">AAACDHicbVDLSgMxFM34rPVVdekmWAQXWmakoAuVopviqoJ9QGcYMmmmTZtkhiQjlKEf4MZfceNCEbd+gDv/xrSdhbYeCBzOOZebe4KYUaVt+9taWFxaXlnNreXXNza3tgs7uw0VJRKTOo5YJFsBUoRRQeqaakZasSSIB4w0g8HN2G8+EKloJO71MCYeR11BQ4qRNpJfKFbhJTy5dVXC/fSCHvevRq6iXY58CjPSNym7ZE8A54mTkSLIUPMLX24nwgknQmOGlGo7dqy9FElNMSOjvJsoEiM8QF3SNlQgTpSXTo4ZwUOjdGAYSfOEhhP190SKuFJDHpgkR7qnZr2x+J/XTnR47qVUxIkmAk8XhQmDOoLjZmCHSoI1GxqCsKTmrxD3kERYm/7ypgRn9uR50jgtOeVS+a5crFxndeTAPjgAR8ABZ6ACqqAG6gCDR/AMXsGb9WS9WO/WxzS6YGUze+APrM8f956aWA==</latexit>

= 1 energy = - J

= -1 energy = + J
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Ising QUIZ
Which of these has the lowest energy?

H = �J

X

<i,j>

�i�j

<latexit sha1_base64="q5Cbqpdt4RSWfPyYUuellTBzTOY=">AAACDHicbVDLSgMxFM34rPVVdekmWAQXWmakoAuVopviqoJ9QGcYMmmmTZtkhiQjlKEf4MZfceNCEbd+gDv/xrSdhbYeCBzOOZebe4KYUaVt+9taWFxaXlnNreXXNza3tgs7uw0VJRKTOo5YJFsBUoRRQeqaakZasSSIB4w0g8HN2G8+EKloJO71MCYeR11BQ4qRNpJfKFbhJTy5dVXC/fSCHvevRq6iXY58CjPSNym7ZE8A54mTkSLIUPMLX24nwgknQmOGlGo7dqy9FElNMSOjvJsoEiM8QF3SNlQgTpSXTo4ZwUOjdGAYSfOEhhP190SKuFJDHpgkR7qnZr2x+J/XTnR47qVUxIkmAk8XhQmDOoLjZmCHSoI1GxqCsKTmrxD3kERYm/7ypgRn9uR50jgtOeVS+a5crFxndeTAPjgAR8ABZ6ACqqAG6gCDR/AMXsGb9WS9WO/WxzS6YGUze+APrM8f956aWA==</latexit>

A B C
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<latexit sha1_base64="YQOuWzLYhfD6cxvZd2AhEgGaBuw=">AAACE3icbVDLSgNBEJz1GeNr1aOXwSBEwbArol6EoJccI5gHZmOYnfQmQ2YfzMwKYdl/8OKvePGgiFcv3vwbJ8kKmljQUFR1093lRpxJZVlfxtz8wuLScm4lv7q2vrFpbm3XZRgLCjUa8lA0XSKBswBqiikOzUgA8V0ODXdwNfIb9yAkC4MbNYyg7ZNewDxGidJSxzyMio5kPZ8c4AvseILQBO6SI8cFRXDlx0vT5DbtmAWrZI2BZ4mdkQLKUO2Yn043pLEPgaKcSNmyrUi1EyIUoxzSvBNLiAgdkB60NA2ID7KdjH9K8b5WutgLha5A4bH6eyIhvpRD39WdPlF9Oe2NxP+8Vqy883bCgihWENDJIi/mWIV4FBDuMgFU8aEmhAqmb8W0T3QwSseY1yHY0y/PkvpxyT4t2dcnhfJlFkcO7aI9VEQ2OkNlVEFVVEMUPaAn9IJejUfj2Xgz3ietc0Y2s4P+wPj4Bm2anUg=</latexit>

p(�) =
e��H(�)

Z

= probability of configuration σ at the temperature T = 1/β

adding temperature makes the difference smaller
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Ising model: Temperature phase transition

temperature
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Temperature Phase Transition
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Lei Wang, PHYSICAL REVIEW B 94, 195105 (2016)

Simple clustering algorithm
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Principal component analysis

Data
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Basic Idea of PCA

Determine 
directions of 

maximal variance
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Basic Idea of PCA

Project data into 
the PCA axes



QMAI  |

Lei Wang, PHYSICAL REVIEW B 94, 195105 (2016)

Ising model: PCA
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Data driven vs. toy model driven

H = �J

X

<i,j>

�i�j

<latexit sha1_base64="q5Cbqpdt4RSWfPyYUuellTBzTOY=">AAACDHicbVDLSgMxFM34rPVVdekmWAQXWmakoAuVopviqoJ9QGcYMmmmTZtkhiQjlKEf4MZfceNCEbd+gDv/xrSdhbYeCBzOOZebe4KYUaVt+9taWFxaXlnNreXXNza3tgs7uw0VJRKTOo5YJFsBUoRRQeqaakZasSSIB4w0g8HN2G8+EKloJO71MCYeR11BQ4qRNpJfKFbhJTy5dVXC/fSCHvevRq6iXY58CjPSNym7ZE8A54mTkSLIUPMLX24nwgknQmOGlGo7dqy9FElNMSOjvJsoEiM8QF3SNlQgTpSXTo4ZwUOjdGAYSfOEhhP190SKuFJDHpgkR7qnZr2x+J/XTnR47qVUxIkmAk8XhQmDOoLjZmCHSoI1GxqCsKTmrxD3kERYm/7ypgRn9uR50jgtOeVS+a5crFxndeTAPjgAR8ABZ6ACqqAG6gCDR/AMXsGb9WS9WO/WxzS6YGUze+APrM8f956aWA==</latexit>

<latexit sha1_base64="YQOuWzLYhfD6cxvZd2AhEgGaBuw=">AAACE3icbVDLSgNBEJz1GeNr1aOXwSBEwbArol6EoJccI5gHZmOYnfQmQ2YfzMwKYdl/8OKvePGgiFcv3vwbJ8kKmljQUFR1093lRpxJZVlfxtz8wuLScm4lv7q2vrFpbm3XZRgLCjUa8lA0XSKBswBqiikOzUgA8V0ODXdwNfIb9yAkC4MbNYyg7ZNewDxGidJSxzyMio5kPZ8c4AvseILQBO6SI8cFRXDlx0vT5DbtmAWrZI2BZ4mdkQLKUO2Yn043pLEPgaKcSNmyrUi1EyIUoxzSvBNLiAgdkB60NA2ID7KdjH9K8b5WutgLha5A4bH6eyIhvpRD39WdPlF9Oe2NxP+8Vqy883bCgihWENDJIi/mWIV4FBDuMgFU8aEmhAqmb8W0T3QwSseY1yHY0y/PkvpxyT4t2dcnhfJlFkcO7aI9VEQ2OkNlVEFVVEMUPaAn9IJejUfj2Xgz3ietc0Y2s4P+wPj4Bm2anUg=</latexit>

p(�) =
e��H(�)

Z

~ 2.27

Lei Wang, PHYSICAL REVIEW B 94, 195105 (2016)
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Let’s just discover all 
the physics from data!
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Let’s try a new Hamiltonian: 
Ising Gauge Theory

HIGT = �J

X

p

Y

i2p

�
z
i

<latexit sha1_base64="DPih/iSqQsOzd+WLNCw6vlj0id4=">AAACGHicbVDLSgMxFM34rPVVdekmWAQ31pkq6EYoKFhdVegLOnXIpGkbmmSGJCPUoZ/hxl9x40IRt935N2baWWjrgQsn59xL7j1+yKjStv1tLSwuLa+sZtay6xubW9u5nd26CiKJSQ0HLJBNHynCqCA1TTUjzVASxH1GGv7gKvEbj0QqGoiqHoakzVFP0C7FSBvJy52Uvfj2pjqCl/AY3kFXRdyLw5EbyqDjxdSlApqXoj2OPPrwlPVyebtgTwDniZOSPEhR8XJjtxPgiBOhMUNKtRw71O0YSU0xI6OsGykSIjxAPdIyVCBOVDueHDaCh0bpwG4gTQkNJ+rviRhxpYbcN50c6b6a9RLxP68V6e5FO6YijDQRePpRN2JQBzBJCXaoJFizoSEIS2p2hbiPJMLaZJmE4MyePE/qxYJzWijen+VL12kcGbAPDsARcMA5KIEyqIAawOAZvIJ38GG9WG/Wp/U1bV2w0pk98AfW+AdU859h</latexit>
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HIGT = �J

X

p

Y

i2p

�
z
i

<latexit sha1_base64="DPih/iSqQsOzd+WLNCw6vlj0id4=">AAACGHicbVDLSgMxFM34rPVVdekmWAQ31pkq6EYoKFhdVegLOnXIpGkbmmSGJCPUoZ/hxl9x40IRt935N2baWWjrgQsn59xL7j1+yKjStv1tLSwuLa+sZtay6xubW9u5nd26CiKJSQ0HLJBNHynCqCA1TTUjzVASxH1GGv7gKvEbj0QqGoiqHoakzVFP0C7FSBvJy52Uvfj2pjqCl/AY3kFXRdyLw5EbyqDjxdSlApqXoj2OPPrwlPVyebtgTwDniZOSPEhR8XJjtxPgiBOhMUNKtRw71O0YSU0xI6OsGykSIjxAPdIyVCBOVDueHDaCh0bpwG4gTQkNJ+rviRhxpYbcN50c6b6a9RLxP68V6e5FO6YijDQRePpRN2JQBzBJCXaoJFizoSEIS2p2hbiPJMLaZJmE4MyePE/qxYJzWijen+VL12kcGbAPDsARcMA5KIEyqIAawOAZvIJ38GG9WG/Wp/U1bV2w0pk98AfW+AdU859h</latexit>

IGT QUIZ
Which of these has the lowest energy?

A B
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Greplova, E., Valenti, A., Boschung, G., Schäfer, F., Lörch, N., & Huber, S. D. (2020). Unsupervised identification of topological phase transitions using predictive models. New Journal of Physics, 22(4), 045003.
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Greplova, E., Valenti, A., Boschung, G., Schäfer, F., Lörch, N., & Huber, S. D. (2020). Unsupervised identification of topological phase transitions using predictive models. New Journal of Physics, 22(4), 045003.
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What now??
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Machine Learning Primer: 
Neural Network Introduction

<latexit sha1_base64="kwAT7nonK/mKqZSj8PM5gPVovLk="></latexit>

dL(f [2])

dW [1]
ij

=
dL

df [2]

df [2]

df [1]

df [1]

dW [1]
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Neural Networks 101: Supervised learning
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What happens in a neuron?

From https://cs231n.github.io
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Putting neurons in the networks
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Putting neurons in the networks

Weights (can be represented as matrices)
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Putting neurons in the networks

Weights (can be represented as matrices)

Activation functions
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How do we train neural network?

• Define the loss function L(x) [x = our data] that we will minimise during training 

• Calculate the derivative of L wrt weights and biases

<latexit sha1_base64="7Y8+VklHCQsYCcjo0zf7nB0SgjQ="></latexit>

Wij ! Wij–✏
@L

@Wij
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How do we train neural network?

• Define the loss function L(x) [x = our data] that we will minimise during training 

• Calculate the derivative of L wrt weights and biases

<latexit sha1_base64="7Y8+VklHCQsYCcjo0zf7nB0SgjQ="></latexit>

Wij ! Wij–✏
@L

@Wij
learning rate
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How do we calculate the derivative?

• CHAIN RULE REMINDER: 
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How do we calculate the derivative?

• CHAIN RULE REMINDER: 

<latexit sha1_base64="v5SVWTQ8ya81H3zTrCZyVS3qa5E=">AAACKXicdVBJS8NAFJ641rpVPXoZLEL1EBIp6kUpevFYwS7QhjKZTJKhk4WZibSE/B0v/hUvCop69Y84SVtwfTDMt7zHzPvsmFEhDeNNm5tfWFxaLq2UV9fWNzYrW9ttESUckxaOWMS7NhKE0ZC0JJWMdGNOUGAz0rGHl7nfuSVc0Ci8keOYWAHyQupSjKSSBpWGWxsdwDPo1XwFFDqHfZcjnDpuljqjTFlT7inuZ/Bwxv3CLw8qVUOvG3nB38DUi9uogmk1B5WnvhPhJCChxAwJ0TONWFop4pJiRrJyPxEkRniIPNJTMEQBEVZabJrBfaU40I24OqGEhfp1IkWBEOPAVp0Bkr746eXiX14vke6pldIwTiQJ8eQhN2FQRjCPDTqUEyzZWAGEOVV/hdhHKgipws1DmG0K/wftI9081s3rerVxMY2jBHbBHqgBE5yABrgCTdACGNyBB/AMXrR77VF71d4nrXPadGYHfCvt4xOJc6Ub</latexit>

f(x) = g(h(x)) =>
df

dx
=

dg

dh
⇤ dh

dx
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How do we calculate the derivative?

• CHAIN RULE REMINDER: 
<latexit sha1_base64="v5SVWTQ8ya81H3zTrCZyVS3qa5E=">AAACKXicdVBJS8NAFJ641rpVPXoZLEL1EBIp6kUpevFYwS7QhjKZTJKhk4WZibSE/B0v/hUvCop69Y84SVtwfTDMt7zHzPvsmFEhDeNNm5tfWFxaLq2UV9fWNzYrW9ttESUckxaOWMS7NhKE0ZC0JJWMdGNOUGAz0rGHl7nfuSVc0Ci8keOYWAHyQupSjKSSBpWGWxsdwDPo1XwFFDqHfZcjnDpuljqjTFlT7inuZ/Bwxv3CLw8qVUOvG3nB38DUi9uogmk1B5WnvhPhJCChxAwJ0TONWFop4pJiRrJyPxEkRniIPNJTMEQBEVZabJrBfaU40I24OqGEhfp1IkWBEOPAVp0Bkr746eXiX14vke6pldIwTiQJ8eQhN2FQRjCPDTqUEyzZWAGEOVV/hdhHKgipws1DmG0K/wftI9081s3rerVxMY2jBHbBHqgBE5yABrgCTdACGNyBB/AMXrR77VF71d4nrXPadGYHfCvt4xOJc6Ub</latexit>

f(x) = g(h(x)) =>
df

dx
=

dg

dh
⇤ dh

dx

• APPLY TO NEURAL NET: 
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How do we calculate the derivative?

• APPLY TO NEURAL NET: 

<latexit sha1_base64="kwAT7nonK/mKqZSj8PM5gPVovLk="></latexit>

dL(f [2])

dW [1]
ij

=
dL

df [2]

df [2]

df [1]

df [1]

dW [1]
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How do we calculate the derivative?

• APPLY TO NEURAL NET: 

<latexit sha1_base64="kwAT7nonK/mKqZSj8PM5gPVovLk="></latexit>

dL(f [2])

dW [1]
ij

=
dL

df [2]

df [2]

df [1]

df [1]

dW [1]

First calculate this using 
the network’s output
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How do we calculate the derivative?

• APPLY TO NEURAL NET: 

<latexit sha1_base64="kwAT7nonK/mKqZSj8PM5gPVovLk="></latexit>

dL(f [2])

dW [1]
ij

=
dL

df [2]

df [2]

df [1]

df [1]

dW [1]

First calculate this using 
the network’s output

Calculate this using estimate of 
f[2] from previous step
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How do we calculate the derivative?

• APPLY TO NEURAL NET: 

<latexit sha1_base64="kwAT7nonK/mKqZSj8PM5gPVovLk="></latexit>

dL(f [2])

dW [1]
ij

=
dL

df [2]

df [2]

df [1]

df [1]

dW [1]

First calculate this using 
the network’s output

..and so on: we calculate each 
derivative  from the back

Calculate this using estimate of 
f[2] from previous step
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Backpropagation algorithm
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Backpropagation algorithm

1.Calculate forward propagation of the network


2.Calculate the backward phase 

a: Estimate the error in the final layer 

b: Propagate that error into the previous layer 

c: Evaluate the derivative of each parameter in the network


3.Combine all partial gradients into the final gradient


4.Update the weights using the calculated gradients to minimise the loss
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Backpropagation algorithm

1.Calculate forward propagation of the network


2.Calculate the backward phase 

a: Estimate the error in the final layer 

b: Propagate that error into the previous layer 

c: Evaluate the derivative of each parameter in the network


3.Combine all partial gradients into the final gradient


4.Update the weights using the calculated gradients to minimise the loss

Backpropagation algorithm
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Backpropagation algorithm

1.Calculate forward propagation of the network


2.Calculate the backward phase 

a: Estimate the error in the final layer 

b: Propagate that error into the previous layer 

c: Evaluate the derivative of each parameter in the network


3.Combine all partial gradients into the final gradient


4.Update the weights using the calculated gradients to minimise the loss

Backpropagation algorithm
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Backpropagation algorithm

1.Calculate forward propagation of the network


2.Calculate the backward phase 

a: Estimate the error in the final layer 

b: Propagate that error into the previous layer 

c: Evaluate the derivative of each parameter in the network


3.Combine all partial gradients into the final gradient


4.Update the weights using the calculated gradients to minimise the loss

Backpropagation algorithm
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BREAK
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Setting up the neural network

Classification: Does a picture belong into 
the class “A" or class “B”?

Build a network with two outputs that 
tell you the probability from which 
movie franchise your character is from.
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Output and loss function
<latexit sha1_base64="oSUf8aloCSRrCak6Rh1wuqxV94Q=">AAACEXicdVC7TsMwFHV4lvIKMLJYVEhliRJUAQtSBQtjkehDakLkuE7r1nnIdpDaKL/Awq+wMIAQKxsbf4OTFonnkSwfn3Ovru/xYkaFNM13bW5+YXFpubRSXl1b39jUt7ZbIko4Jk0csYh3PCQIoyFpSioZ6cScoMBjpO2NznO/fUO4oFF4JccxcQLUD6lPMZJKcvWqX50cuBSeQtvnCKfkOp24NMtSWySBO4TFe5hlZVevmEbNzAF/E8sobrMCZmi4+pvdi3ASkFBihoToWmYsnRRxSTEjWdlOBIkRHqE+6SoaooAIJy02yuC+UnrQj7g6oYSF+rUjRYEQ48BTlQGSA/HTy8W/vG4i/RMnpWGcSBLi6SA/YVBGMI8H9ignWLKxIghzqv4K8QCpZKQKMQ/hc1P4P2kdGtaRYV3WKvWzWRwlsAv2QBVY4BjUwQVogCbA4Bbcg0fwpN1pD9qz9jItndNmPTvgG7TXDzSNnUo=</latexit>

f(z)i =
eziP
j e

zj

• LAST LAYER ACTIVATION FUNCTION:  
 
(normalises the output and maps it on  
the probability distribution) 

• LOSS FUNCTION:  
 
(calculate the difference between predicted 
and correct outcome during training) 

<latexit sha1_base64="87CJnGqEOV2tZvWIl6zxpPeDwYc=">AAACBHicdVDLSsNAFJ3UV62vqMtuBotQF4ZEiroRim5cuKhgH9CEMJlO2qGTSZyZSEvpwo2/4saFIm79CHf+jZO2gs8Dl3s4515m7gkSRqWy7XcjNze/sLiUXy6srK6tb5ibWw0ZpwKTOo5ZLFoBkoRRTuqKKkZaiSAoChhpBv2zzG/eECFpzK/UMCFehLqchhQjpSXfLF7AE7jvyjTyBzApD/agy+IuvNas4Jsl26rYGeBv4liTbpfADDXffHM7MU4jwhVmSMq2YyfKGyGhKGZkXHBTSRKE+6hL2ppyFBHpjSZHjOGuVjowjIUuruBE/boxQpGUwyjQkxFSPfnTy8S/vHaqwmNvRHmSKsLx9KEwZVDFMEsEdqggWLGhJggLqv8KcQ8JhJXOLQvh81L4P2kcWM6h5VxWStXTWRx5UAQ7oAwccASq4BzUQB1gcAvuwSN4Mu6MB+PZeJmO5ozZzjb4BuP1A/2plcQ=</latexit>

L = �
X

x

p(x) log q(x)
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Classification: a mini example

Label: p(x)
1
0

0
1

Network output: q(x) q (class A)
q (class B)

Loss: -1 log(q(class A)) - 0 log(q(class B)) -0 log(q(class A)) - 1 log(q(class B)) 
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Classification: a mini example

Label: p(x)
1
0

0
1

Network output: q(x) q (class A)
q (class B)

Loss: -1 log(q(class A)) - 0 log(q(class B)) -0 log(q(class A)) - 1 log(q(class B)) 

!the loss is minimal if q(x) matches the labels!
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Before the ML detour

HIGT = �J

X

p

Y

i2p

�
z
i

<latexit sha1_base64="DPih/iSqQsOzd+WLNCw6vlj0id4=">AAACGHicbVDLSgMxFM34rPVVdekmWAQ31pkq6EYoKFhdVegLOnXIpGkbmmSGJCPUoZ/hxl9x40IRt935N2baWWjrgQsn59xL7j1+yKjStv1tLSwuLa+sZtay6xubW9u5nd26CiKJSQ0HLJBNHynCqCA1TTUjzVASxH1GGv7gKvEbj0QqGoiqHoakzVFP0C7FSBvJy52Uvfj2pjqCl/AY3kFXRdyLw5EbyqDjxdSlApqXoj2OPPrwlPVyebtgTwDniZOSPEhR8XJjtxPgiBOhMUNKtRw71O0YSU0xI6OsGykSIjxAPdIyVCBOVDueHDaCh0bpwG4gTQkNJ+rviRhxpYbcN50c6b6a9RLxP68V6e5FO6YijDQRePpRN2JQBzBJCXaoJFizoSEIS2p2hbiPJMLaZJmE4MyePE/qxYJzWijen+VL12kcGbAPDsARcMA5KIEyqIAawOAZvIJ38GG9WG/Wp/U1bV2w0pk98AfW+AdU859h</latexit>
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AI Image Classification

Carrasquilla, Juan, and Roger G. Melko. "Machine learning phases of matter." Nature Physics 13.5 (2017): 431-434.
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AI Image Classification

MACHINE LEARNING MODEL

Greplova, E., Valenti, A., Boschung, G., Schäfer, F., Lörch, N., & Huber, S. D. (2020). Unsupervised identification of topological phase transitions using predictive models. New Journal of Physics, 22(4), 045003.
Carrasquilla, Juan, and Roger G. Melko. "Machine learning phases of matter." Nature Physics 13.5 (2017): 431-434.
Van Nieuwenburg, Evert PL, Ye-Hua Liu, and Sebastian D. Huber. "Learning phase transitions by confusion." Nature Physics 13.5 (2017): 435-439.
Wetzel, Sebastian J. "Unsupervised learning of phase transitions: From principal component analysis to variational autoencoders." Physical Review E 96.2 (2017): 022140.
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Coding NNs in PyTorch
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Go to: https://www.eliskagreplova.com/ai-for-physicists-ap3751 (Week 2) 
Experiment with neurons, layers, batches 

…and get better accuracy than us!

Coding NNs in PyTorch

https://www.eliskagreplova.com/ai-for-physicists-ap3751
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Carrasquilla&Melko, Nature Physics 13, 431–434(2017)

You will make this plot!

Coding NNs in PyTorch

https://www.eliskagreplova.com/ai-for-physicists-ap3751

https://www.eliskagreplova.com/ai-for-physicists-ap3751
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eliskagreplova.com

http://eliskagreplova.com
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Neural nets: More sophisticated methods
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Neural nets: More sophisticated methods

Previously we have seen: 
 

(1) clustering works elegantly for simple problems, does not generalise well for 
hard ones 

(2) supervised learning works great for simple and hard problems BUT if we had 
to label it first are we learning something new? 
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Learning by confusion

 
STEP 1: make a guess of phase transition temperature T_c


STEP 2: train a classification model assuming your guess in step 1 in a correct 
temperature


STEP 3: train many models as many guess of T_c as you like


STEP 4: look at the accuracy of your model as a function of T_c

EPL Van Nieuwenburg, YH Liu, SD Huber - Nature Physics, 2017
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Learning by confusion
Step 1: Just guess transition temperature

Tguess = 2

EPL Van Nieuwenburg, YH Liu, SD Huber - Nature Physics, 2017
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Learning by confusion
Step 2: Train supervised NN assuming Tguess 

Tguess = 2

PHASE A

PHASE B

EPL Van Nieuwenburg, YH Liu, SD Huber - Nature Physics, 2017
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Learning by confusion
Step 3: Save accuracy

PHASE A

PHASE B

Accuracy = 89%

EPL Van Nieuwenburg, YH Liu, SD Huber - Nature Physics, 2017
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Learning by confusion
Step 4: Make a new Tguess and repeat Steps 2-4

Tguess = 2 + epsilon

EPL Van Nieuwenburg, YH Liu, SD Huber - Nature Physics, 2017
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Learning by confusion
Step 5: Plot accuracies as a function of the transition temperature

EPL Van Nieuwenburg, YH Liu, SD Huber - Nature Physics, 2017
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Learning by confusion

Tc = 2.3 ?

Step 5: Plot accuracies as a function of the transition temperature

EPL Van Nieuwenburg, YH Liu, SD Huber - Nature Physics, 2017
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Learning by confusion

Tc = 2.3 ?

Step 5: Plot accuracies as a function of the transition temperature

EPL Van Nieuwenburg, YH Liu, SD Huber - Nature Physics, 2017
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Unsupervised learning with a predictive model

F. Schäfer, N. Lörch, Phys. Rev. E 99, 062107 (2019)

measurement tuning parameter β

EG, A. Valenti, G. Boschung, F. Schäfer, N. Lörch, S. Huber,  New J. Phys. 22 045003 (2020)

Let’s try to predict NOT the phase but parameter we have access to

https://www.google.com/url?q=https%3A%2F%2Fiopscience.iop.org%2Farticle%2F10.1088%2F1367-2630%2Fab7771%2Fmeta&sa=D&sntz=1&usg=AFQjCNEBO5YF1lLTXgBNUeAEip4iM8XyNA
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F. Schäfer, N. Lörch, Phys. Rev. E 99, 062107 (2019)

true parameter

EG, A. Valenti, G. Boschung, F. Schäfer, N. Lörch, S. Huber,  New J. Phys. 22 045003 (2020)

Unsupervised learning:
Can we discover new phases just from data?
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https://www.google.com/url?q=https%3A%2F%2Fiopscience.iop.org%2Farticle%2F10.1088%2F1367-2630%2Fab7771%2Fmeta&sa=D&sntz=1&usg=AFQjCNEBO5YF1lLTXgBNUeAEip4iM8XyNA
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F. Schäfer, N. Lörch, Phys. Rev. E 99, 062107 (2019)
EG, A. Valenti, G. Boschung, F. Schäfer, N. Lörch, S. Huber,  New J. Phys. 22 045003 (2020)

Unsupervised learning:
Can we discover new phases just from data?

https://www.google.com/url?q=https%3A%2F%2Fiopscience.iop.org%2Farticle%2F10.1088%2F1367-2630%2Fab7771%2Fmeta&sa=D&sntz=1&usg=AFQjCNEBO5YF1lLTXgBNUeAEip4iM8XyNA
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STEP 1: train your network to predict the parameter you know: temperature of 
the sample


STEP 2: for the validation data plot correct temperature vs predicted 
temperature


STEP 3: take numerical derivative of STEP 2


STEP 4: what is the temperature for which the derivative of the prediction shows 
the biggest change?

Unsupervised learning:
Can we discover new phases just from data?
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F. Schäfer, N. Lörch, Phys. Rev. E 99, 062107 (2019)
EG, A. Valenti, G. Boschung, F. Schäfer, N. Lörch, S. Huber,  New J. Phys. 22 045003 (2020)

Unsupervised learning: IGT

https://www.google.com/url?q=https%3A%2F%2Fiopscience.iop.org%2Farticle%2F10.1088%2F1367-2630%2Fab7771%2Fmeta&sa=D&sntz=1&usg=AFQjCNEBO5YF1lLTXgBNUeAEip4iM8XyNA
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F. Schäfer, N. Lörch, Phys. Rev. E 99, 062107 (2019)
EG, A. Valenti, G. Boschung, F. Schäfer, N. Lörch, S. Huber,  New J. Phys. 22 045003 (2020)

Unsupervised learning
For funky quantum topological phase transitions it works too!

TORIC CODE

https://www.google.com/url?q=https%3A%2F%2Fiopscience.iop.org%2Farticle%2F10.1088%2F1367-2630%2Fab7771%2Fmeta&sa=D&sntz=1&usg=AFQjCNEBO5YF1lLTXgBNUeAEip4iM8XyNA
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We can IDENTIFY MANY pretty 
complex physics phenomena using ML 

INTERPRETING them right the hard 
part 

Powerful tool for FEATURE 
IDENTIFICATION even without complex 
theory building when used right
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TOMORROW WE LOOK AT SOME CONTEMPORARY STATE OF 
ML QUANTUM APPLICATIONS!
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THANK YOU!


