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So what is machine learning?



Supervised Unsupervised Reinforcement



arXiv: 1708.03569



ML algorithms learn general rules from data

How is this useful in quantum physics?  
Do we have“big data” in quantum matter and quantum tech? 
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Quantum Big Data
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Wave-function

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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Wave-function

State 0 State 1

State 0

State 1
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spin #1: state 0 or 1, 
spin #2: state 0 or 1, 

N spins ~ N numbers

a |00>+b |11>+c |10>+d |01>   
N spins ~ 2^N numbers
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Wave-function

ψ
2 SPINS = SIZE 4

10 SPINS = SIZE 1024

100 SPINS = SIZE 10^30

50 SPINS = SIZE 10^15

1000 SPINS = SIZE 10^300

age of the universe: 10^22 seconds
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Experimental measurements
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H,ψ
measurement

wave function 
Hamiltonian

THEORYEXPERIMENT

Since wave-functions are so complex - it might take A LOT of 
measurement data to gather enough information about them.
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Q: Do we have 'big data’ in quantum physics?

A: Of course!

1. Wave-functions are data-intensive objects that do not scale well
2. (Large) scale quantum experiments = large scale data
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H,ψ
Simple toy modelsData driven approaches

condensed matter
quantum technology

quantum chemistry
quantum experiments
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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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<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 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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Ising model

temperature
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Phase Transition
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Principal component analysis

Data:  
N points in k dimensions
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1. make p vectors that best follows 
the data (minimal square distance)
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Basic Idea of PCA

Data:  
k points in N dimensions

PCA:  
1. make p vectors that best follows 

the data (minimal square 
distance) 

 

2. project the data into PCA vectors
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Lei Wang, PHYSICAL REVIEW B 94, 195105 (2016)

Simple clustering algorithm
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PCA: The Math

Step 1: Construct matrix X such that each column is a data instance (N x k)

Step 2: Make each row zero mean

Step 3: Find vector w_1 that maximizes: 

<latexit sha1_base64="NbrEBej/lq+xpIlDv4o85NAU3bQ=">AAACD3icdVC7TsMwFHV4lvIKMLJYVKB2iRJUAWMlGBiL1JfUhshxndaq40S2A6qi/AELv8LCAEKsrGz8DU4fEs8jXfvonHtl3+PHjEpl2x/GwuLS8spqYa24vrG5tW3u7LZklAhMmjhikej4SBJGOWkqqhjpxIKg0Gek7Y/Oc799Q4SkEW+ocUzcEA04DShGSkueedQLBMJp+dZzrhuwk5emlWyu6BNWMuiZJduq2jngb+JYk9sugRnqnvne60c4CQlXmCEpu44dKzdFQlHMSFbsJZLECI/QgHQ15Sgk0k0n+2TwUCt9GERCF1dwon6dSFEo5Tj0dWeI1FD+9HLxL6+bqODMTSmPE0U4nj4UJAyqCObhwD4VBCs21gRhQfVfIR4iHZDSERZ1CPNN4f+kdWw5J5ZzVS3VLmZxFMA+OABl4IBTUAOXoA6aAIM78ACewLNxbzwaL8brtHXBmM3sgW8w3j4BSTqaRw==</latexit>

(wT
1 X

TXw1)

(wT
1 w1)
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PCA: The Math

Step 1: Construct matrix X such that each column is a data instance (N x k)

Step 2: Make each row zero mean

Step 3: Find vector w_1 that maximizes: 
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(wT
1 X

TXw1)

(wT
1 w1)

Project the data
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PCA: The Math

Step 1: Construct matrix X such that each column is a data instance (N x k)

Step 2: Make each row zero mean

Step 3: Find vector w_1 that maximizes: 

<latexit sha1_base64="NbrEBej/lq+xpIlDv4o85NAU3bQ=">AAACD3icdVC7TsMwFHV4lvIKMLJYVKB2iRJUAWMlGBiL1JfUhshxndaq40S2A6qi/AELv8LCAEKsrGz8DU4fEs8jXfvonHtl3+PHjEpl2x/GwuLS8spqYa24vrG5tW3u7LZklAhMmjhikej4SBJGOWkqqhjpxIKg0Gek7Y/Oc799Q4SkEW+ocUzcEA04DShGSkueedQLBMJp+dZzrhuwk5emlWyu6BNWMuiZJduq2jngb+JYk9sugRnqnvne60c4CQlXmCEpu44dKzdFQlHMSFbsJZLECI/QgHQ15Sgk0k0n+2TwUCt9GERCF1dwon6dSFEo5Tj0dWeI1FD+9HLxL6+bqODMTSmPE0U4nj4UJAyqCObhwD4VBCs21gRhQfVfIR4iHZDSERZ1CPNN4f+kdWw5J5ZzVS3VLmZxFMA+OABl4IBTUAOXoA6aAIM78ACewLNxbzwaL8brtHXBmM3sgW8w3j4BSTqaRw==</latexit>

(wT
1 X

TXw1)

(wT
1 w1)

Project the data
Take the mean
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PCA: The Math

Step 1: Construct matrix X such that each column is a data instance (N x k)

Step 2: Make each row zero mean

Step 3: Find vector w_1 that maximizes: 

<latexit sha1_base64="NbrEBej/lq+xpIlDv4o85NAU3bQ=">AAACD3icdVC7TsMwFHV4lvIKMLJYVKB2iRJUAWMlGBiL1JfUhshxndaq40S2A6qi/AELv8LCAEKsrGz8DU4fEs8jXfvonHtl3+PHjEpl2x/GwuLS8spqYa24vrG5tW3u7LZklAhMmjhikej4SBJGOWkqqhjpxIKg0Gek7Y/Oc799Q4SkEW+ocUzcEA04DShGSkueedQLBMJp+dZzrhuwk5emlWyu6BNWMuiZJduq2jngb+JYk9sugRnqnvne60c4CQlXmCEpu44dKzdFQlHMSFbsJZLECI/QgHQ15Sgk0k0n+2TwUCt9GERCF1dwon6dSFEo5Tj0dWeI1FD+9HLxL6+bqODMTSmPE0U4nj4UJAyqCObhwD4VBCs21gRhQfVfIR4iHZDSERZ1CPNN4f+kdWw5J5ZzVS3VLmZxFMA+OABl4IBTUAOXoA6aAIM78ACewLNxbzwaL8brtHXBmM3sgW8w3j4BSTqaRw==</latexit>

(wT
1 X

TXw1)

(wT
1 w1)

Project the data
Take the mean

Normalize
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PCA: The Math

Step 1: Construct matrix X such that each column is a data instance (N x k)

Step 2: Make each row zero mean

Step 3: Find vector w_1 that maximizes: 

<latexit sha1_base64="NbrEBej/lq+xpIlDv4o85NAU3bQ=">AAACD3icdVC7TsMwFHV4lvIKMLJYVKB2iRJUAWMlGBiL1JfUhshxndaq40S2A6qi/AELv8LCAEKsrGz8DU4fEs8jXfvonHtl3+PHjEpl2x/GwuLS8spqYa24vrG5tW3u7LZklAhMmjhikej4SBJGOWkqqhjpxIKg0Gek7Y/Oc799Q4SkEW+ocUzcEA04DShGSkueedQLBMJp+dZzrhuwk5emlWyu6BNWMuiZJduq2jngb+JYk9sugRnqnvne60c4CQlXmCEpu44dKzdFQlHMSFbsJZLECI/QgHQ15Sgk0k0n+2TwUCt9GERCF1dwon6dSFEo5Tj0dWeI1FD+9HLxL6+bqODMTSmPE0U4nj4UJAyqCObhwD4VBCs21gRhQfVfIR4iHZDSERZ1CPNN4f+kdWw5J5ZzVS3VLmZxFMA+OABl4IBTUAOXoA6aAIM78ACewLNxbzwaL8brtHXBmM3sgW8w3j4BSTqaRw==</latexit>

(wT
1 X

TXw1)

(wT
1 w1)

Step 4: Find the next one: 

Substract the previous components: 
  
Find w_p that maximises:

<latexit sha1_base64="HqKI70w3ufgBwMaUHOX+Ydaw/+Y=">AAACCnicdVDLSsNAFJ3UV62vqEs3o0Vw05BIUTeFohuXFfoItGmYTCft0MmDmYlSQtZu/BU3LhRx6xe482+ctBV8HrjM4Zx7uXOPFzMqpGm+a4WFxaXlleJqaW19Y3NL395piyjhmLRwxCJue0gQRkPSklQyYsecoMBjpOONL3K/c024oFHYlJOYOAEahtSnGEklufq+7cY1u9ITSeCmomZl/TSuWJl94wqoqt+Erl42jaqZA/4mljF9zTKYo+Hqb71BhJOAhBIzJETXMmPppIhLihnJSr1EkBjhMRqSrqIhCohw0ukpGTxUygD6EVcVSjhVv06kKBBiEniqM0ByJH56ufiX102kf+akNIwTSUI8W+QnDMoI5rnAAeUESzZRBGFO1V8hHiGOsFTplVQIn5fC/0n72LBODOuqWq6fz+Mogj1wAI6ABU5BHVyCBmgBDG7BPXgET9qd9qA9ay+z1oI2n9kF36C9fgAJX5nZ</latexit>

Xp = X �
p�1X

s=1

Xwsw
T
s

<latexit sha1_base64="P08vRQOhoervPFhRdH4XF3NAhxo=">AAACDnicdVC7TsMwFL0pr1JeAUYWi6oSU5WgChgrWBiL1JfUhshxndaq85DtgKqoX8DCr7AwgBArMxt/g9OmEs8j2T4+517Z93gxZ1JZ1odRWFpeWV0rrpc2Nre2d8zdvbaMEkFoi0Q8El0PS8pZSFuKKU67saA48DjteOOLzO/cUCFZFDbVJKZOgIch8xnBSkuuWen7ApP01o2vm6i72PV1mmsZRa5Ztqo1KwP6Tezq7LTKkKPhmu/9QUSSgIaKcCxlz7Zi5aRYKEY4nZb6iaQxJmM8pD1NQxxQ6aSzcaaoopUB8iOhV6jQTP3akeJAykng6coAq5H86WXiX14vUf6Zk7IwThQNyfwhP+FIRSjLBg2YoETxiSaYCKb/isgI63yUTrCkQ1hMiv4n7eOqfVK1r2rl+nkeRxEO4BCOwIZTqMMlNKAFBO7gAZ7g2bg3Ho0X43VeWjDynn34BuPtE/8rnBM=</latexit>

wT
p X

T
p Xpwp

wT
p wp
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Exercise notebook 1

You will do PCA on this data:

You will: 

• flatten each 2D configuration into the vector 

• create matrix X from these columns 

• use singular values to find TWO PCA components
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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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Also in Exercise notebook 1

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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Zoo of clustering techniques

Useful places to get started: 

1. Kernel PCA 
 

2. t-distributed Stochastic 
Neighbourhood Embedding

Scikit Learn
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Phys. Rev. X 8, 031023 (2018)

Clustering in QMAI research
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BREAK 15 mins
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Before the break..
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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



QMAI  |

From https://cs231n.github.io

Weight matrices from a image recognition network: 

• Left: badly trained network – the weights look noisy 

• Right: well trained network – the weights clearly extract specific features in the data 

How do the weights look like?
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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: 

<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

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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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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Back to physics
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PHASE A

PHASE B

PHASE A

PHASE B

Notebook 2: Supervised learning
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Quiz: Ising Classification
A B C D
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Quiz: Ising Classification
A B C D
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Notebook 2: Supervised learning
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Notebook 2: Supervised learning

90
0 

en
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: fl
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ne
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30
x3

0 
co

nfi
g 32 neurons hidden layer

2 output neurons

phase A

phase B

Experiment with number of parameters!


Can you find a minimal model?
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Carrasquilla&Melko, Nature Physics 13, 431–434(2017)

Notebook 2: Supervised learning
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Back to more challenging problem: IGT

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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Quiz: IGT classification

A B
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A B

Quiz: IGT classification
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Notebook 2: IGT classification

STEP 1: Start with dense feed-forward network
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Notebook 2: IGT classification

STEP 1: Start with dense feed-forward network

Experiment with the architecture!


Does it ever work??
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We need more advanced layers: 
CONVOLUTIONS

kernel = 3x3, stride = 2
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We need more advanced layers: 
CONVOLUTIONS

kernel = 3x3, stride = 2
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We need more advanced layers: 
CONVOLUTIONS

kernel = 3x3, stride = 2
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We need more advanced layers: 
CONVOLUTIONS
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We need more advanced layers: 
CONVOLUTIONS

kernel = 3x3, stride = 2
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We need more advanced layers: 
CONVOLUTIONS

kernel = 3x3, stride = 2
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We need more advanced layers: 
CONVOLUTIONS

keras.layers.Conv2D(num_filters, (kernel_size, kernel_size), strides=(2,2), padding='Valid', input_shape=(), activation='relu')
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We need more advanced layers: 
DROPOUT

• Overfitting on the training set is a serious 
practical issue 

• Dropout is a great way to REGULARIZE

keras.layers.Dropout(0.3)
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We need more advanced layers: 
DROPOUT

• Overfitting on the training set is a serious 
practical issue 

• Dropout is a great way to REGULARIZE 

• Other option: add reg terms to your loss 
function
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Notebook 2: Solving IGT

You will need both convolutions and dropout to make it work :)
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BREAK 15 mins



QMAI  |

PHASE A

PHASE B

PHASE A

PHASE B

Notebook 2: Supervised learning
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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
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Learning by confusion: Notebook 3
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Learning by confusion: Notebook 3
Tc = 2.3 ?
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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)

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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<latexit sha1_base64="APlhAd275VmNMR1IL/BGUX0So7g=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Rj04jGCeUCyhN7JbDJmdmaZmRVCyD948aCIV//Hm3/jJNmDJhY0FFXddHdFqeDG+v63t7K6tr6xWdgqbu/s7u2XDg4bRmWasjpVQulWhIYJLlndcitYK9UMk0iwZjS8nfrNJ6YNV/LBjlIWJtiXPOYUrZMaHYmRwG6p7Ff8GcgyCXJShhy1bumr01M0S5i0VKAx7cBPbThGbTkVbFLsZIalSIfYZ21HJSbMhOPZtRNy6pQeiZV2JS2Zqb8nxpgYM0oi15mgHZhFbyr+57UzG1+HYy7TzDJJ54viTBCryPR10uOaUStGjiDV3N1K6AA1UusCKroQgsWXl0njvBJcVoL7i3L1Jo+jAMdwAmcQwBVU4Q5qUAcKj/AMr/DmKe/Fe/c+5q0rXj5zBH/gff4AgVSPFg==</latexit> r

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 network make the biggest 
mistake?

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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Break
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“We have a device that is more complex than anything classical 
computers can simulate - great!  

Q: How do we then verify the device is doing what it should and 
producing correct results if there is no other computer on Earth that can 
simulate that exact same physics?”
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Neural net learning + State of art experiments



Large Scale Quantum Simulation



||Sebastian Huber Condensed matter theory and quantum optics 104

Zhang et al, Nature 551, 601–604 (2017) 
Trapped Ions (Maryland)

Bernien et al, Nature 551,579–584 (2017) 
Rydberg atoms (Harvard)

Chiaro et al, arXiv:1910.06024 (2019) 
Superconducting qubits (Google)

Rispoli et al, Nature 573, 385–389 (2019) 
Cold atoms in an optical lattice (Harvard)



||Sebastian Huber Condensed matter theory and quantum optics 105

Zhang et al, Nature 551, 601–604 (2017) 
Trapped Ions (Maryland)

Bernien et al, Nature 551,579–584 (2017) 
Rydberg atoms (Harvard)

Chiaro et al, arXiv:1910.06024 (2019) 
Superconducting qubits (Google)

Rispoli et al, Nature 573, 385–389 (2019) 
Cold atoms in an optical lattice (Harvard)

50 qubits -> Hilbert space size: 10^15 



Quantum Simulation

μ = chemical potential

U = onsite repulsion

J = site hopping
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How to learn the parameters governing the physics 
of quantum simulators as precisely as possible 
using experimentally accessible information? 
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Initial State Unitary Evolution Measurement
trivial Hamiltonian unknown Hamiltonian

Hamiltonian???

Experimental sequence
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0

1

0

1
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U = exp(�i!�yt)

p = 0.4

Experimental sequence

trivial Hamiltonian unknown Hamiltonian

p = 0.6

Initial State Unitary Evolution Measurement
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Initial State Unitary Evolution Measurement
trivial Hamiltonian unknown Hamiltonian

Hamiltonian???

Experimental sequence
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2x50 sites

Experimental system
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2x50 sites
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2x50 sites

Jij
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µi
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10 particles -> Hilbert space ~ 10^13 
350 parameters to estimate

Jij

<latexit sha1_base64="Rg2wyyPtka6IHwrtAxHYeLezBkY=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRbBU9mVgnorehFPFewHtEvJptk2bTZZkqxQlv4HLx4U8er/8ea/MdvuQVsfDDzem2FmXhBzpo3rfjuFtfWNza3idmlnd2//oHx41NIyUYQ2ieRSdQKsKWeCNg0znHZiRXEUcNoOJreZ336iSjMpHs00pn6Eh4KFjGBjpdZ9P2XjWb9ccavuHGiVeDmpQI5Gv/zVG0iSRFQYwrHWXc+NjZ9iZRjhdFbqJZrGmEzwkHYtFTii2k/n187QmVUGKJTKljBorv6eSHGk9TQKbGeEzUgve5n4n9dNTHjlp0zEiaGCLBaFCUdGoux1NGCKEsOnlmCimL0VkRFWmBgbUMmG4C2/vEpaF1WvVr1+qFXqN3kcRTiBUzgHDy6hDnfQgCYQGMMzvMKbI50X5935WLQWnHzmGP7A+fwBqmiPNg==</latexit>

Ui

<latexit sha1_base64="QvI5TRctHSuObM/7CxwA5u9ihd4=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEUG9FLx4rmLbQhrLZTtqlm03Y3Qgl9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSq4Nq777ZTW1jc2t8rblZ3dvf2D6uFRSyeZYuizRCSqE1KNgkv0DTcCO6lCGocC2+H4bua3n1BpnshHM0kxiOlQ8ogzaqzk+/2cT/vVmlt35yCrxCtIDQo0+9Wv3iBhWYzSMEG17npuaoKcKsOZwGmll2lMKRvTIXYtlTRGHeTzY6fkzCoDEiXKljRkrv6eyGms9SQObWdMzUgvezPxP6+bmeg6yLlMM4OSLRZFmSAmIbPPyYArZEZMLKFMcXsrYSOqKDM2n4oNwVt+eZW0LureZf3m4bLWuC3iKMMJnMI5eHAFDbiHJvjAgMMzvMKbI50X5935WLSWnGLmGP7A+fwB86aOzQ==</latexit>

µi

<latexit sha1_base64="tOH5H1pa6qVsxaBSMo/7LTnBJK0=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoN6CXjxGMA9IljA76SRDZmaXmVkhLPkILx4U8er3ePNvnCR70MSChqKqm+6uKBHcWN//9gpr6xubW8Xt0s7u3v5B+fCoaeJUM2ywWMS6HVGDgitsWG4FthONVEYCW9H4bua3nlAbHqtHO0kwlHSo+IAzap3U6sq0l/Fpr1zxq/4cZJUEOalAjnqv/NXtxyyVqCwT1JhO4Cc2zKi2nAmclrqpwYSyMR1ix1FFJZowm587JWdO6ZNBrF0pS+bq74mMSmMmMnKdktqRWfZm4n9eJ7WD6zDjKkktKrZYNEgFsTGZ/U76XCOzYuIIZZq7WwkbUU2ZdQmVXAjB8surpHlRDS6rNw+XldptHkcRTuAUziGAK6jBPdShAQzG8Ayv8OYl3ov37n0sWgtePnMMf+B9/gCji4/K</latexit>

<latexit sha1_base64="VWaLNuxeV79XmS9XdjloYKF7X+8="></latexit>

HBH = �
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QMAI  |

4 particles -> Hilbert space dim = 330 
25 parameters to estimate

<latexit sha1_base64="VWaLNuxeV79XmS9XdjloYKF7X+8="></latexit>

HBH = �
X

hi,ji
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†
i
âj +
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i
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i
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†
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X

i
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i
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Jij

<latexit sha1_base64="Rg2wyyPtka6IHwrtAxHYeLezBkY=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRbBU9mVgnorehFPFewHtEvJptk2bTZZkqxQlv4HLx4U8er/8ea/MdvuQVsfDDzem2FmXhBzpo3rfjuFtfWNza3idmlnd2//oHx41NIyUYQ2ieRSdQKsKWeCNg0znHZiRXEUcNoOJreZ336iSjMpHs00pn6Eh4KFjGBjpdZ9P2XjWb9ccavuHGiVeDmpQI5Gv/zVG0iSRFQYwrHWXc+NjZ9iZRjhdFbqJZrGmEzwkHYtFTii2k/n187QmVUGKJTKljBorv6eSHGk9TQKbGeEzUgve5n4n9dNTHjlp0zEiaGCLBaFCUdGoux1NGCKEsOnlmCimL0VkRFWmBgbUMmG4C2/vEpaF1WvVr1+qFXqN3kcRTiBUzgHDy6hDnfQgCYQGMMzvMKbI50X5935WLQWnHzmGP7A+fwBqmiPNg==</latexit>

Ui

<latexit sha1_base64="QvI5TRctHSuObM/7CxwA5u9ihd4=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEUG9FLx4rmLbQhrLZTtqlm03Y3Qgl9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSq4Nq777ZTW1jc2t8rblZ3dvf2D6uFRSyeZYuizRCSqE1KNgkv0DTcCO6lCGocC2+H4bua3n1BpnshHM0kxiOlQ8ogzaqzk+/2cT/vVmlt35yCrxCtIDQo0+9Wv3iBhWYzSMEG17npuaoKcKsOZwGmll2lMKRvTIXYtlTRGHeTzY6fkzCoDEiXKljRkrv6eyGms9SQObWdMzUgvezPxP6+bmeg6yLlMM4OSLRZFmSAmIbPPyYArZEZMLKFMcXsrYSOqKDM2n4oNwVt+eZW0LureZf3m4bLWuC3iKMMJnMI5eHAFDbiHJvjAgMMzvMKbI50X5935WLSWnGLmGP7A+fwB86aOzQ==</latexit>

µi

<latexit sha1_base64="tOH5H1pa6qVsxaBSMo/7LTnBJK0=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoN6CXjxGMA9IljA76SRDZmaXmVkhLPkILx4U8er3ePNvnCR70MSChqKqm+6uKBHcWN//9gpr6xubW8Xt0s7u3v5B+fCoaeJUM2ywWMS6HVGDgitsWG4FthONVEYCW9H4bua3nlAbHqtHO0kwlHSo+IAzap3U6sq0l/Fpr1zxq/4cZJUEOalAjnqv/NXtxyyVqCwT1JhO4Cc2zKi2nAmclrqpwYSyMR1ix1FFJZowm587JWdO6ZNBrF0pS+bq74mMSmMmMnKdktqRWfZm4n9eJ7WD6zDjKkktKrZYNEgFsTGZ/U76XCOzYuIIZZq7WwkbUU2ZdQmVXAjB8surpHlRDS6rNw+XldptHkcRTuAUziGAK6jBPdShAQzG8Ayv8OYl3ov37n0sWgtePnMMf+B9/gCji4/K</latexit>
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…

<latexit sha1_base64="9dwJD624It37uoJQstWLfTYcjf0=">AAAB63icbVDLSgNBEOyNrxhfUY9eBoPgKeyIoMeAIB4juiaQLGF20psMmZ1dZmaFEAL+gBcPCuLVH/Lm3zh5HDSxoKGo6qa7K8qkMNb3v73Cyura+kZxs7S1vbO7V94/eDBprjkGPJWpbkbMoBQKAyusxGamkSWRxEY0uJr4jUfURqTq3g4zDBPWUyIWnFkn3QUd2ilX/Ko/BVkmdE4qMEe9U/5qd1OeJ6gsl8yYFvUzG46YtoJLHJfaucGM8QHrYctRxRI04Wh66picOKVL4lS7UpZM1d8TI5YYM0wi15kw2zeL3kT8z2vlNr4MR0JluUXFZ4viXBKbksnfpCs0ciuHjjCuhbuV8D7TjFuXTsmFQBdfXiaNsyo9r1J6e16pXT/N8ijCERzDKVC4gBrcQB0C4NCDZ3iFN096L9679zFrLXjzDA/hD7zPH5QSjjo=</latexit>

U1

<latexit sha1_base64="UjObPv8pxSuNbZGknbdFWEieTS4=">AAAB7nicbVDLSgMxFL1TX7W+qi7dBIvgqkxKQZcFQcRVBfuAdiiZNNPGZpIhyQhlKPgJblwoiFu/x51/Y/pYaOuBC4dz7uXee8JEcGN9/9vLra1vbG7ltws7u3v7B8XDo6ZRqaasQZVQuh0SwwSXrGG5FaydaEbiULBWOLqa+q1Hpg1X8t6OExbEZCB5xCmxTmre9jJcmfSKJb/sz4BWCV6QEixQ7xW/un1F05hJSwUxpoP9xAYZ0ZZTwSaFbmpYQuiIDFjHUUliZoJsdu0EnTmljyKlXUmLZurviYzExozj0HXGxA7NsjcV//M6qY0ug4zLJLVM0vmiKBXIKjR9HfW5ZtSKsSOEau5uRXRINKHWBVRwIeDll1dJq1LG1TLGd9VS7fppnkceTuAUzgHDBdTgBurQAAoP8Ayv8OYp78V79z7mrTlvkeEx/IH3+QO69o93</latexit>

J12

<latexit sha1_base64="Dz/An0W+IJXYaLpdi305L9fB8HU=">AAAB7nicbVDLSgMxFL1TX7W+qi7dBIvgqkxEaJcFQcRVBfuAdiiZNNPGZpIhyQhlKPgJblwoiFu/x51/Y/pYaOuBC4dz7uXee8JEcGN9/9vLra1vbG7ltws7u3v7B8XDo6ZRqaasQZVQuh0SwwSXrGG5FaydaEbiULBWOLqa+q1Hpg1X8t6OExbEZCB5xCmxTmre9rJKddIrlvyyPwNaJXhBSrBAvVf86vYVTWMmLRXEmA72ExtkRFtOBZsUuqlhCaEjMmAdRyWJmQmy2bUTdOaUPoqUdiUtmqm/JzISGzOOQ9cZEzs0y95U/M/rpDaqBhmXSWqZpPNFUSqQVWj6OupzzagVY0cI1dzdiuiQaEKtC6jgQsDLL6+S1kUZX5Yxvrss1a6f5nnk4QRO4RwwVKAGN1CHBlB4gGd4hTdPeS/eu/cxb815iwyP4Q+8zx/NRI+D</latexit>

J78

…
…



…

experimental snapshots

<latexit sha1_base64="p6DqShE+ogM+jPoTwRY4F3DRRpw=">AAAB7XicbVBNSwMxEJ3Ur1q/qh69BIvgqWykoAeRgiAeK7i20C4lm2bb0Gx2SbJCWQr+Ay8eFMSr/8eb/8b046CtDwYe780wMy9MpTDW875RYWV1bX2juFna2t7Z3SvvHzyYJNOM+yyRiW6F1HApFPetsJK3Us1pHEreDIfXE7/5yLURibq3o5QHMe0rEQlGrZP8S9UlV91yxat6U+BlQuakAnM0uuWvTi9hWcyVZZIa0yZeaoOcaiuY5ONSJzM8pWxI+7ztqKIxN0E+PXaMT5zSw1GiXSmLp+rviZzGxozi0HXG1A7MojcR//PamY0uglyoNLNcsdmiKJPYJnjyOe4JzZmVI0co08LditmAasqsy6fkQiCLLy+T5lmV1KqE3NUq9ZunWR5FOIJjOAUC51CHW2iADwwEPMMrvCGFXtA7+pi1FtA8w0P4A/T5A790juE=</latexit>

< n1 >

<latexit sha1_base64="5oPq/evFifj8WNTzSOwlJm0drwM=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRbBU9mUgh5ECoJ4rGBtoV2WbJptQ7PZNckKZSn4G7x4UBCv/hxv/huzbQ/a+mDg8d4MM/OCRHBtXPfbKaysrq1vFDdLW9s7u3vl/YN7HaeKshaNRaw6AdFMcMlahhvBOoliJAoEawejq9xvPzKleSzvzDhhXkQGkoecEmOlzoX0sfRrl3654lbdKdAywXNSgTmafvmr149pGjFpqCBad7GbGC8jynAq2KTUSzVLCB2RAetaKknEtJdN752gE6v0URgrW9Kgqfp7IiOR1uMosJ0RMUO96OXif143NeG5l3GZpIZJOlsUpgKZGOXPoz5XjBoxtoRQxe2tiA6JItTYiEo2BLz48jJp16q4XsX4tl5pXD/N8ijCERzDKWA4gwbcQBNaQEHAM7zCm/PgvDjvzsesteDMMzyEP3A+fwC3wo/+</latexit>

< n1n2 >

<latexit sha1_base64="7IMAorb5Vyn6jZ9fZx36YibRPZA=">AAAB9nicbZBLSwMxFIXv1Fetr1GXboJFcFVmpNouRAqCuKxgbaEdh0yaaUMzmSHJKGUo+DPcuFAQt/4Wd/4b08dCWw8EPs65ITcnSDhT2nG+rdzS8srqWn69sLG5tb1j7+7dqTiVhDZIzGPZCrCinAna0Exz2kokxVHAaTMYXI7z5gOVisXiVg8T6kW4J1jICNbGuj8X/qnwz4RfEX71wreLTsmZCC2CO4MizFT37a9ONyZpRIUmHCvVdp1EexmWmhFOR4VOqmiCyQD3aNugwBFVXjbZeoSOjNNFYSzNERpN3N83MhwpNYwCMxlh3Vfz2dj8L2unOqx6GRNJqqkg04fClCMdo3EFqMskJZoPDWAimdkVkT6WmGhTVMGU4M5/eRGaJyW3XHLdm3KxdvU07SMPB3AIx+BCBWpwDXVoAAEJz/AKb9aj9WK9Wx/T0Zw163Af/sj6/AHOyJJL</latexit>

< n5n6n7n8 >

…
…

18 parameters

<latexit sha1_base64="9dwJD624It37uoJQstWLfTYcjf0=">AAAB63icbVDLSgNBEOyNrxhfUY9eBoPgKeyIoMeAIB4juiaQLGF20psMmZ1dZmaFEAL+gBcPCuLVH/Lm3zh5HDSxoKGo6qa7K8qkMNb3v73Cyura+kZxs7S1vbO7V94/eDBprjkGPJWpbkbMoBQKAyusxGamkSWRxEY0uJr4jUfURqTq3g4zDBPWUyIWnFkn3QUd2ilX/Ko/BVkmdE4qMEe9U/5qd1OeJ6gsl8yYFvUzG46YtoJLHJfaucGM8QHrYctRxRI04Wh66picOKVL4lS7UpZM1d8TI5YYM0wi15kw2zeL3kT8z2vlNr4MR0JluUXFZ4viXBKbksnfpCs0ciuHjjCuhbuV8D7TjFuXTsmFQBdfXiaNsyo9r1J6e16pXT/N8ijCERzDKVC4gBrcQB0C4NCDZ3iFN096L9679zFrLXjzDA/hD7zPH5QSjjo=</latexit>

U1

<latexit sha1_base64="UjObPv8pxSuNbZGknbdFWEieTS4=">AAAB7nicbVDLSgMxFL1TX7W+qi7dBIvgqkxKQZcFQcRVBfuAdiiZNNPGZpIhyQhlKPgJblwoiFu/x51/Y/pYaOuBC4dz7uXee8JEcGN9/9vLra1vbG7ltws7u3v7B8XDo6ZRqaasQZVQuh0SwwSXrGG5FaydaEbiULBWOLqa+q1Hpg1X8t6OExbEZCB5xCmxTmre9jJcmfSKJb/sz4BWCV6QEixQ7xW/un1F05hJSwUxpoP9xAYZ0ZZTwSaFbmpYQuiIDFjHUUliZoJsdu0EnTmljyKlXUmLZurviYzExozj0HXGxA7NsjcV//M6qY0ug4zLJLVM0vmiKBXIKjR9HfW5ZtSKsSOEau5uRXRINKHWBVRwIeDll1dJq1LG1TLGd9VS7fppnkceTuAUzgHDBdTgBurQAAoP8Ayv8OYp78V79z7mrTlvkeEx/IH3+QO69o93</latexit>

J12

<latexit sha1_base64="Dz/An0W+IJXYaLpdi305L9fB8HU=">AAAB7nicbVDLSgMxFL1TX7W+qi7dBIvgqkxEaJcFQcRVBfuAdiiZNNPGZpIhyQhlKPgJblwoiFu/x51/Y/pYaOuBC4dz7uXee8JEcGN9/9vLra1vbG7ltws7u3v7B8XDo6ZRqaasQZVQuh0SwwSXrGG5FaydaEbiULBWOLqa+q1Hpg1X8t6OExbEZCB5xCmxTmre9rJKddIrlvyyPwNaJXhBSrBAvVf86vYVTWMmLRXEmA72ExtkRFtOBZsUuqlhCaEjMmAdRyWJmQmy2bUTdOaUPoqUdiUtmqm/JzISGzOOQ9cZEzs0y95U/M/rpDaqBhmXSWqZpPNFUSqQVWj6OupzzagVY0cI1dzdiuiQaEKtC6jgQsDLL6+S1kUZX5Yxvrss1a6f5nnk4QRO4RwwVKAGN1CHBlB4gGd4hTdPeS/eu/cxb815iwyP4Q+8zx/NRI+D</latexit>

J78

…
…

170 correlators
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170 neurons

300 neurons 300 neurons

400 neurons

150 neurons

output

<latexit sha1_base64="p6DqShE+ogM+jPoTwRY4F3DRRpw=">AAAB7XicbVBNSwMxEJ3Ur1q/qh69BIvgqWykoAeRgiAeK7i20C4lm2bb0Gx2SbJCWQr+Ay8eFMSr/8eb/8b046CtDwYe780wMy9MpTDW875RYWV1bX2juFna2t7Z3SvvHzyYJNOM+yyRiW6F1HApFPetsJK3Us1pHEreDIfXE7/5yLURibq3o5QHMe0rEQlGrZP8S9UlV91yxat6U+BlQuakAnM0uuWvTi9hWcyVZZIa0yZeaoOcaiuY5ONSJzM8pWxI+7ztqKIxN0E+PXaMT5zSw1GiXSmLp+rviZzGxozi0HXG1A7MojcR//PamY0uglyoNLNcsdmiKJPYJnjyOe4JzZmVI0co08LditmAasqsy6fkQiCLLy+T5lmV1KqE3NUq9ZunWR5FOIJjOAUC51CHW2iADwwEPMMrvCGFXtA7+pi1FtA8w0P4A/T5A790juE=</latexit>

< n1 >

<latexit sha1_base64="5oPq/evFifj8WNTzSOwlJm0drwM=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRbBU9mUgh5ECoJ4rGBtoV2WbJptQ7PZNckKZSn4G7x4UBCv/hxv/huzbQ/a+mDg8d4MM/OCRHBtXPfbKaysrq1vFDdLW9s7u3vl/YN7HaeKshaNRaw6AdFMcMlahhvBOoliJAoEawejq9xvPzKleSzvzDhhXkQGkoecEmOlzoX0sfRrl3654lbdKdAywXNSgTmafvmr149pGjFpqCBad7GbGC8jynAq2KTUSzVLCB2RAetaKknEtJdN752gE6v0URgrW9Kgqfp7IiOR1uMosJ0RMUO96OXif143NeG5l3GZpIZJOlsUpgKZGOXPoz5XjBoxtoRQxe2tiA6JItTYiEo2BLz48jJp16q4XsX4tl5pXD/N8ijCERzDKWA4gwbcQBNaQEHAM7zCm/PgvDjvzsesteDMMzyEP3A+fwC3wo/+</latexit>

< n1n2 >

<latexit sha1_base64="7IMAorb5Vyn6jZ9fZx36YibRPZA=">AAAB9nicbZBLSwMxFIXv1Fetr1GXboJFcFVmpNouRAqCuKxgbaEdh0yaaUMzmSHJKGUo+DPcuFAQt/4Wd/4b08dCWw8EPs65ITcnSDhT2nG+rdzS8srqWn69sLG5tb1j7+7dqTiVhDZIzGPZCrCinAna0Exz2kokxVHAaTMYXI7z5gOVisXiVg8T6kW4J1jICNbGuj8X/qnwz4RfEX71wreLTsmZCC2CO4MizFT37a9ONyZpRIUmHCvVdp1EexmWmhFOR4VOqmiCyQD3aNugwBFVXjbZeoSOjNNFYSzNERpN3N83MhwpNYwCMxlh3Vfz2dj8L2unOqx6GRNJqqkg04fClCMdo3EFqMskJZoPDWAimdkVkT6WmGhTVMGU4M5/eRGaJyW3XHLdm3KxdvU07SMPB3AIx+BCBWpwDXVoAAEJz/AKb9aj9WK9Wx/T0Zw163Af/sj6/AHOyJJL</latexit>

< n5n6n7n8 >

…
…
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0.1% average 
estimation error

Results for 2500 
experimental 
snapshots



Error scaling wt number of measurements

For 2500 snapshots:  
ΔJ = 0.001 
ΔU = 0.0035  
Δμ = 0.003

For 20 000 snapshots:  
ΔJ = 0.0007 
ΔU = 0.003  
Δμ = 0.0025
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Bayesian Benchmark



QMAI  |Scaling to larger system sizes
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Effective parameters: 𝑈𝑖 𝐽𝑖𝑗

50 lattice sites

Scaling

2500 shots
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Effective parameters: 𝑈𝑖 𝐽𝑖𝑗

50 lattice sites

Scaling

2500 shots

2500 shots
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Effective parameters: 𝑈𝑖 𝐽𝑖𝑗

50 lattice sites

Scaling

2500 shots

2500 shots

2500 shots



QMAI  |

Effective parameters: 𝑈𝑖 𝐽𝑖𝑗

50 lattice sites

Scaling

2500 shots

2500 shots

2500 shots

2500 shots

10 000 shots total
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Jij

<latexit sha1_base64="Rg2wyyPtka6IHwrtAxHYeLezBkY=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRbBU9mVgnorehFPFewHtEvJptk2bTZZkqxQlv4HLx4U8er/8ea/MdvuQVsfDDzem2FmXhBzpo3rfjuFtfWNza3idmlnd2//oHx41NIyUYQ2ieRSdQKsKWeCNg0znHZiRXEUcNoOJreZ336iSjMpHs00pn6Eh4KFjGBjpdZ9P2XjWb9ccavuHGiVeDmpQI5Gv/zVG0iSRFQYwrHWXc+NjZ9iZRjhdFbqJZrGmEzwkHYtFTii2k/n187QmVUGKJTKljBorv6eSHGk9TQKbGeEzUgve5n4n9dNTHjlp0zEiaGCLBaFCUdGoux1NGCKEsOnlmCimL0VkRFWmBgbUMmG4C2/vEpaF1WvVr1+qFXqN3kcRTiBUzgHDy6hDnfQgCYQGMMzvMKbI50X5935WLQWnHzmGP7A+fwBqmiPNg==</latexit>

Ui
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practical scalable Hamiltonian learning customised to relevant experiment


out-of-equilibrium Hamiltonian learnable with ~0.1% - 0.3% precision from 10 000 experimental snapshots



QMAI  |

Applying ML to quantum experiments
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Recap QUIZ
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What are two-dimensional materials?

EG,  Carolin Gold, Benedikt Kratochwil, Tim Davatz, Riccardo Pisoni, Annika Kurzmann, Peter Rickhaus, Mark H. Fischer, Thomas 
Ihn, Sebastian Huber arXiv: 1910.00066 (2019)



QMAI  |

Thin nanomaterials are key constituents 
of many modern quantum devices.

EG,  Carolin Gold, Benedikt Kratochwil, Tim Davatz, Riccardo Pisoni, Annika Kurzmann, Peter Rickhaus, Mark H. Fischer, Thomas 
Ihn, Sebastian Huber arXiv: 1910.00066 (2019)
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S. Canava et.al., Nature 
Nanotechnology 13, 1126–

1131 (2018)

D. Davidovikj et.al., Nature 
Communications 8, 1253 

(2017)

D.S. Wei et.al., Science 
Advances, Vol. 3, no. 8, 

e1700600 (2017)
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EG,  Carolin Gold, Benedikt Kratochwil, Tim Davatz, Riccardo Pisoni, Annika Kurzmann, Peter Rickhaus, Mark H. Fischer, Thomas 
Ihn, Sebastian Huber arXiv: 1910.00066 (2019)



QMAI  |

This task is hard to automise due to 
diversity of the data.

EG,  Carolin Gold, Benedikt Kratochwil, Tim Davatz, Riccardo Pisoni, Annika Kurzmann, Peter Rickhaus, Mark H. Fischer, Thomas 
Ihn, Sebastian Huber arXiv: 1910.00066 (2019)
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A person would move the camera, took pictures, and 
look through these manually saving coordinates of 

the good flake candidates. 
We wish to automatise this process.

GOOD FLAKES
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https://github.com/cmt-qo/cm-flakes

https://github.com/cmt-qo/cm-flakes
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GOOD

BAD

PIL LIBRARY - standard 
deviation criterion


1
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�


0
1

�
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GOODBAD

Flakes in total: ~ 100 000

GOOD flakes: 2000

turn into 6x2000 = 12 000 by 
rotations/mirroring using PIL library

‘sub-optimal distribution can be overcome by 
strategic preparation of the training batches’

* switch to notebook here *
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GOODBAD

BAD flakes: 90 000  
GOOD flakes: 10 000
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~10 000 candidates -> 
~50 useful flakes
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QMAI  |
~10 000 candidates -> 
~50 useful flakes

(1) Automate the scanning and zoom

(2) Pre-process 

(3) Classify 

(4) Get coordinates of good flakes

(5) Automatically zoom at good flakes
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Our solution downsamples each 10 000 
to ca 200 candidates.

EG,  Carolin Gold, Benedikt Kratochwil, Tim Davatz, Riccardo Pisoni, Annika Kurzmann, Peter Rickhaus, Mark H. Fischer, Thomas 
Ihn, Sebastian Huber arXiv: 1910.00066 (2019)
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Out of the 200 candidates over a 100 is 
useful to an experimentalist.

EG,  Carolin Gold, Benedikt Kratochwil, Tim Davatz, Riccardo Pisoni, Annika Kurzmann, Peter Rickhaus, Mark H. Fischer, Thomas 
Ihn, Sebastian Huber arXiv: 1910.00066 (2019)
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Graphite 
performance

Models retrained on ca 200 
GOOD graphite flakes

GOOD graphite 
flakes look quite

different!

GOODBAD

Every SECOND 
flake an 

experimentalist 
looks at is USEFUL
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Bilayer 
Graphene 
performance

Models retrained on ca 40 
GOOD graphene flakes

GOOD graphene 
flakes are hard to 

spot

10% of flakes an 
experimentalist 

looks at is USEFUL
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Human labelling

The diversity in the labels given by 
different human operators introduces 
a bound on the efficiency of machine 

learning model.
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15 minutes break
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VQPC

IQPC

IN

+

Quantum Dots
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R Durrer, B Kratochwil, JV Koski, AJ Landig, C Reichl, W Wegscheider, T Ihn, EG, Phys. Rev. Applied 13, 054019 (2020)

The Device

https://www.google.com/url?q=https%3A%2F%2Fjournals.aps.org%2Fprapplied%2Fabstract%2F10.1103%2FPhysRevApplied.13.054019&sa=D&sntz=1&usg=AFQjCNFqlVLIwl86J7tG4Svn7ulqMXROKQ
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R Durrer, B Kratochwil, JV Koski, AJ Landig, C Reichl, W Wegscheider, T Ihn, EG, Phys. Rev. Applied 13, 054019 (2020)

Sampling Charge-Stability Diagrams

https://www.google.com/url?q=https%3A%2F%2Fjournals.aps.org%2Fprapplied%2Fabstract%2F10.1103%2FPhysRevApplied.13.054019&sa=D&sntz=1&usg=AFQjCNFqlVLIwl86J7tG4Svn7ulqMXROKQ
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input 3 x conv dense

lower-right

upper-right

upper-left

R Durrer, B Kratochwil, JV Koski, AJ Landig, C Reichl, W Wegscheider, T Ihn, EG, Phys. Rev. Applied 13, 054019 (2020)

Preparing Specific Charge States

https://www.google.com/url?q=https%3A%2F%2Fjournals.aps.org%2Fprapplied%2Fabstract%2F10.1103%2FPhysRevApplied.13.054019&sa=D&sntz=1&usg=AFQjCNFqlVLIwl86J7tG4Svn7ulqMXROKQ


QMAI  |Training set

128 full charge stability 
diagrams

Augmentations



QMAI  |Training

~600 000 labeled patches

LABEL 1

LABEL 2 LABEL 3

accuracy: 98.9% 
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Part 1: Find (0,0) Part 2: Find (m,n)
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R Durrer, B Kratochwil, JV Koski, AJ Landig, C Reichl, W Wegscheider, T Ihn, EG, Phys. Rev. Applied 13, 054019 (2020)

Tuning Runs on the Device

https://www.google.com/url?q=https%3A%2F%2Fjournals.aps.org%2Fprapplied%2Fabstract%2F10.1103%2FPhysRevApplied.13.054019&sa=D&sntz=1&usg=AFQjCNFqlVLIwl86J7tG4Svn7ulqMXROKQ


QMAI  |Results

• 160 tuning runs


• Finding (0,0): 90% success


• Finding arbitrary charge state: 
ca 60% success


• same success rate on both DQDs

R Durrer, B Kratochwil, JV Koski, AJ Landig, C Reichl, W Wegscheider, T Ihn, EG, Phys. Rev. Applied 13, 054019 (2020)

https://www.google.com/url?q=https%3A%2F%2Fjournals.aps.org%2Fprapplied%2Fabstract%2F10.1103%2FPhysRevApplied.13.054019&sa=D&sntz=1&usg=AFQjCNFqlVLIwl86J7tG4Svn7ulqMXROKQ


QMAI  |Exciting related work

• less data for patch collection: ray method Justyna Zwolak

arXiv: 2103.09577



QMAI  |Exciting related work

•Stephanie Czischek (Roger Melko group) - NN miniaturisations

arXiv: 2101.03181



QMAI  |Auto-Tuning

Initial tune-up

Quantum Dot 
Configuration

Charge State 
Calibration

Fine Tuning

Darulová et al., Phys. Rev. Applied 13, 054005 (2020)

Moon et al., Nature Comms 11,  4161 (2020)

Kalentre et al., npj QI 5, 6 (2019)

Zwolak et al., Phys. Rev. Applied 13, 034075 (2020)

Baart et al., Appl. Phys. Lett. 108, 213104 (2016)

Durrer et al., Phys. Rev. Applied 13, 054019 (2020)

Botzem et al, Phys. Rev. Applied 10, 054026 (2018)

van Diepen et al, Appl. Phys. Lett. 113, 033101 (2018)

Teste et al, Appl. Phys. Lett. 114, 133102 (2019)

Mills et al, Appl. Phys. Lett. 115, 113501 (2019)

van Esbroeck et al,  New Journal of Physics, 22, 095003 (2020)
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Initial tune-up

Quantum Dot 
Configuration

Charge State 
Calibration

Fine Tuning

Darulová et al., Phys. Rev. Applied 13, 054005 (2020)

Moon et al., Nature Comms 11,  4161 (2020)

Kalentre et al., npj QI 5, 6 (2019)

Zwolak et al., Phys. Rev. Applied 13, 034075 (2020)

Baart et al., Appl. Phys. Lett. 108, 213104 (2016)

Durrer et al., Phys. Rev. Applied 13, 054019 (2020)

Botzem et al, Phys. Rev. Applied 10, 054026 (2018)

van Diepen et al, Appl. Phys. Lett. 113, 033101 (2018)

Teste et al, Appl. Phys. Lett. 114, 133102 (2019)

Mills et al, Appl. Phys. Lett. 115, 113501 (2019)

van Esbroeck et al,  New Journal of Physics, 22, 095003 (2020)
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Final exercise

STEP 1: Make masked groups of 4-5 
 
STEP 2: Discuss and try to answer the following questions: 
 
(1) What are some important practices in machine learning for: 
 
           (A) preparing data


(B) building networks

(C) training the model


(2) What are an important properties of the physics problem that call for ML solution
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Some exciting resources
 Fei-Fei Li, Stanford, CS231n http://cs231n.stanford.edu 

Florian Marquardt, Machine Learning for Physicists, 
 https://machine-learning-for-physicists.org  

 Kenny Choo, Eliska Greplova, Michael Denner, Mark H. Fischer, Titus Neupert:  
https://ml-lectures.org/ 

Michael Nielsen: Neural Networks and Deep Learning 
 http://neuralnetworksanddeeplearning.com 

just find a problem and try to solve it with ML!

http://cs231n.stanford.edu
https://machine-learning-for-physicists.org
https://ml-lectures.org/
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Would you like to give an online talk about your work? 

You can register at Virtual Science Forum Speakers’ Corner and pair a talk with arXiv submission/thesis defense/…

virtualscienceforum.org


