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Physicists’ gifts to Machine Learning

Mean Field Theory Tensor Networks

Monte Carlo Methods




|_earning I1s more than function fitting

Discriminative (Generative




|_earning I1s more than function fitting
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“What I can not create, I do not understand”
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(Generate Molecules

' . Physical
sy configurations

Latent
attributes
Simple & Complex
Distributions Distribution

Inference

Sanchez-Lengeling & Aspuru-Guzik, Science 2018
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Probabilistic Generative Modeling

How to express, learn, and sample from a
high-dimensional probability distribution 2

generated distribution true data distribution

N\
N / p(x)
unit gaussian

generative
Q model .
(neural net) «._|loss|

Z

atent space
P N image space

https://blog.openai.com/generative-models/

Image space




Boltzmann Machines

0 —E(x)

(%) =

statistical physics



Generative Modeling using Boltzmann Machines

Negative log-likelihood loss &




Generative Modeling using Boltzmann Machines
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Generative Modeling using Boltzmann Machines
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Generative Modeling using Boltzmann Machines
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Pretraining

Reducing the Dimensionality of
Data with Neural Networks

G. E. Hinton® and R. R. Salakhutdinov

High-dimensional data can be converted to low-dimensional codes by training a multilayer neural
network with a small central layer to reconstruct high-dimensional input vectors. Gradient descent
can be used for fine-tuning the weights in such “autoencoder” networks, but this works well only if
the initial weights are close to a good solution. We describe an effective way of initializing the
weights that allows deep autoencoder networks to learn low-dimensional codes that work much
better than principal components analysis as a tool to reduce the dimensionality of data.

imensionality reduction facilitates the
Dclassiﬁcation, visualization, communi-
cation, and storage of high-dimensional

data. A simmple and widely used method 1s
principal components analysis (PCA), which

finds the directions of greatest variance in the
data set and represents each data point by its
coordinates along each of these directions. We
describe a nonlinear generalization of PCA that
uses an adaptive, multilayer “encoder” network

2006 VOL 313 SCIENCE www.sciencemag.org

Renaissance of deep learning



-eedback to Physics

N g

Wavefunctions ansatz

Carleo, Troyer...

Renormalization group

Beny, Metha, Schwab, ...

Quantum tomography

Torlai, Melko, Carrasquilla...

Monte Carlo update

Huang, Liu, ...



State-of-the-Art: Autoregressive Models
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Hilbert Space

Area Law
s Entanglement
®

Born Machines
YY)
p(x) = ~

quantum physics




Quantum inspired generative modeling

With Han, Wang, Fan, Zhang, 1709.01662, PRX 18
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Quantum inspired generative modeling

With Han, Wang, Fan, Zhang, 1709.01662, PRX 18



Quantum inspired generative modeling

“Teach a quantum state to write digits”
With Han, Wang, Fan, Zhang, 1709.01662, PRX 18
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Generative modeling using
Tensor Network States

Matrix Product State /
Tensor Train

oYetelelele

Tree Tensor Network /
Hierarchical Tucker

PEPS

MERA

S (T

Tensor Network Machine Learning

<l et al 1604.05271,1609.00893,1/708.09165...

nmire, Schwab NIPS 2016

nmire Q. Sci. Tech. 2018

U et a
U et a

1710.04833
13803.09111

Novikov et a

G

Hallam et a

asser et a

1509.06569 Kossaifi et al 1707.08308

1711.03357 Gallego, Orus 1708.01525
1806.05904 Pestunetal 1711.01410...



Nice features of MPS Born Machines

Han, Wang, Fan, LW, Zhang, 1709.01662, PRX 18

- 0Z 0 )

Tractable partition function Efficient and adaptive
via MPS contraction learning via DMRG

R
SRR

Direct sampling using “Zipper”




Image Restoration

With Han, Wang, Fan, Zhang, 1/09.01662, PRX 18
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Image Restoration

With Han, Wang, Fan, Zhang, 1/09.01662, PRX 18
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Arbitrary order, in contrast to autoregressive models

\, Pixel CNN b




Quantum Perspective on Deep Learning




Quantum Perspective on Deep Learning

Q: How to quantify our inductive biases ?

A: Information pattern of probability distributions
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Q: How to quantify our inductive biases ?
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Quantum Perspective on Deep Learning




Quantum Perspective on Deep Learning

Classical mutual information

i <p(x,y’)p(x’,y)>
= — n( ——— -~
PEYIPEN [ o]

Quantum Renyi entanglement entropy

G 1 < Y(x,y)P(x',y) >
— — In - v <
Yy Y.y /., o

p/

Striking similarity implies common inductive bias

+Quantitative & interpretable approaches Cheng, Chen, LW,
+Principled structure design & learning 1712.04144, Entropy ‘18



Published as a conference paper at ICLR 2018

DEEP LEARNING AND QUANTUM ENTANGLEMENT:
FUNDAMENTAL CONNECTIONS WITH IMPLICATIONS
TO NETWORK DESIGN

Yoav Levine, David Yakira, Nadav Cohen & Amnon Shashua
The Hebrew University of Jerusalem
{yoavlevine,davidyakira,cohennadav,shashua}@cs.huji.ac.il

ABSTRACT

Formal understanding of the inductive bias behind deep convolutional networks,
1.e. the relation between the network’s architectural features and the functions it
1s able to model, i1s limited. In this work, we establish a fundamental connection
between the fields of quantum physics and deep learning, and use 1t for obtain-
ing novel theoretical observations regarding the inductive bias of convolutional
networks. Specifically, we show a structural equivalence between the function re-
alized by a convolutional arithmetic circuit (ConvAC) and a quantum many-body
wave function, which facilitates the use of quantum entanglement measures as
quantifiers of a deep network’s expressive ability to model correlations. Further-
more, the construction of a deep ConvAC 1n terms of a quantum Tensor Network
1s enabled. This allows us to perform a graph-theoretic analysis of a convolutional
network, tying its expressiveness to a min-cut in its underlying graph. We demon-
strate a practical outcome in the form of a direct control over the inductive bias
via the number of channels (width) of each layer. We empirically validate our
findings on standard convolutional networks which involve ReLLU activations and
max pooling. The description of a deep convolutional network in well-defined
graph-theoretic tools and the structural connection to quantum entanglement, are
two interdisciplinary bridges that are brought forth by this work.




Published as a conference paper at ICLR 2018

DEEP LEARNING AND QUANTUM ENTANGLEMENT:
FUNDAMENTAL CONNECTIONS WITH IMPLICATIONS
TO NETWORK DESIGN

Yoav Levine, David Yakira, Nadav Cohen & Amnon Shashua
The Hebrew University of Jerusalem
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Physics genes of generative models

Goodfellow, Direct
NIPS tutorial, 1701.00160 p(x) |
\ GAN

Explicit density Implicit density
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-Fully visible belief nets
-NADE ‘/ \

MADE Variational ' Markov Chain

-Pixel RNN Variational autoencoder Boltzmann machine
-Change of variables

models (nonlinear ICA)
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Physics genes of generative models

Goodfellow, Direct
NIPS tutorial, 1701.00160 p(x)
\ GAN

Explicit density Implicit density

. . . Maykov Chai
Tractabledensity || Approximate density ROV Al

e belief nets / \ GSN

Variational | | Markov Chain

Variational autoencoder Boltzmann machine ‘
e —H U
Quantum Circuits

ixelRNN
-Change of variables

models (nonlinear ICA)




Quantum Circuit Born Machine

With Liu,1804.04168, PRA 18

measure
>

outcomes

two-sample test

classical loss & gradient

o7 < ) .
optimizer :classmal data

Train the quantum circuit as a probabilistic generative model
Quantum sampling complexity underlines the “guantum supremacy”



Quantum Inference

p(upper | lower)

/




Quantum Inference

With Zeng, Wu, Liu, Hu, 1808.03425
Cf Low and Chuang, PRA ‘14

0) 1)
e |0) 0)
0) 0)
?
q 10) )

Accelerated quantum inference via Grover search



Quantum Inference

With Zeng, Wu, Liu, Hu, 1808.03425

Grover Operator Cf Low and Chuang, PRA ‘14
0) 1)
¢ 10) — 0)
0) — |0)
: ?
q |0) L |?)

______________

Accelerated quantum inference via Grover search



QCBM Experiments

JQI+lonQ+UCL+Cambridge Q+...
1801.07686, 1812.08862

D=3

~/

Oak Ridge, 1811.09905

IBM Q 20 Tokyo [ibmq_20_tokyo]

‘Bars-and-Stripes”
Han et al, 1709.01662, PRX "18
ct Mackay’s book “Information
Theory, Inference, and Learning”

Generative modeling now becomes a calibration score for qguantum circuits



Key gquestions to the future of QCBM

Probabillity space

@ s it really useful?

A Killer problem distribution where quantum really helps

@ Scaleitup

e Algorithmically saving qubit number
e Quantum circuit architecture design & learning

» Differentiable learning of quantum circuits



Architecture: Qubit efficient scheme

Huggins, Patel, Whaley, Stoudenmire, 1803.11537
see also Cramer et al, Nat. Comm. 2010

Measured

Product qubits

state

AW AW AW AW AW AW A A
A N I O A O

Tensor network inspired quantum circuit architecture



Architecture: Qubit efficient scheme

Huggins, Patel, Whaley, Stoudenmire, 1803.11537
see also Cramer et al, Nat. Comm. 2010
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Architecture: Qubit efficient scheme
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4 B

Huggins, Patel, Whaley, Stoudenmire, 1803.11537
see also Cramer et al, Nat. Comm. 2010
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Architecture: Qubit efficient scheme

AA LA
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Training: differentiable learning

Gradient based optimization is the engine of deep learning



Differentiable quantum circuits

Rx(63)

Rx(65)

Rx(63)

Rotation Entangler
10) éRx(G{’) Rz(B{)é <> <> Rz(62)
0) —HRx(©O—{Rz(6))} @ R2(6%)
10) —RX(@D—R2(6}); D—e—(—Rra(69)
10) Rx (6% Rz(91)§ O @——Rz(6))

T T - ———————————————

Parametrized gate of the form
10
e~ 2% with X% =1
eqg, X, Y, Z, CNOT, SWAP...

Rx(65)

Rx(0%)

Rz(65) () () Rz(62)
Rz(6))—@ Rz(69)
Rz(65) <> O <> Rz(69)
Rz(6))—@ ®—Rz(6))

With Liu 1804.04168, c.f. Li et a

Rx(65)

NEESEESHES

I e e B

1608.00677

Mitaral et al 1803.00745 Xanadu 1811.04968




Differentiable Programming

(J‘\ A Andrej Karpathy

s i Director of Al at Tesla. Previously Research Scientist at OpenAl and PhD student
at Stanford. I like to train deep neural nets on large datasets.

https://medium.com/@karpathy/software-2-0-a64152b37c35

INnput
Computer Qutput
Program Program space
Software 1.0 e".‘\“
‘ A p Ut Software 2.0
Computer Program

Qutput

Writing software 2.0 by gradient search in the program space



Differentiable Programming

Benefits of Software 2.0 Andrej Karpathy

L= % Director of Al at Tesla. Previously Research Scientist at OpenAl and PhD student
at Stanford. I like to train deep neural nets on large datasets.

e Com o utational |y N Omaogeneous https://medium.com/@karpathy/software-2-0-a64152b37c35

e Simple to bake into silicon Program space

e Constant running time Software 1.0

e Constant memory usage

e Highly portable & agile Software 2.0

e Modules can meld into an optimal whole

e Better than humans

Writing software 2.0 by gradient search in the program space



Differentiable Quantum Programming

Quantum Classical
Processor Optimizer

_

Variational quantum eigensovler (VQE)

Quantum approximate optimization algorithm (QAOA)

Quantum pattern recognition

Quantum circuit Born machine (QCBM)

Quantum circuit classifier Farhi, Neven, 1802.06002 Havlicek et al, 1804.11326

Born machine experiment Benedetti, Garcia-Pintos, Nam, Perdomo-Ortiz, 1801.07686
TNS inspired circuit architecture uggins, Patel, Whaley, Stoudenmire, 1803.11537
Quantum generative model Gao, Zhang, Duan, 1711.02038

Quantum adversarial training Dallaire-Demers, Lloyd, Benedetti 1804.08641,1804.09139, 18060.00463
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Differentiable Quantum Programming

| ot | Itis a paradigm beyond quantum-classical hybrid
-
Variational guantum eigensovler (VQE) Short term:

What can we do with
Quantum approximate optimization algorithm (QAOA) circuits of limited depth ?

Quantum pattern recognition Long term:

Are we really good at
programing quantum computers ?

Quantum circuit Born machine (QCBM)

Quantum circuit classifier Farhi, Neven, 1802.06002 Havlicek et al, 1804.11326

Born machine experiment Benedetti, Garcia-Pintos, Nam, Perdomo-Ortiz, 1801.07686
TNS inspired circuit architecture uggins, Patel, Whaley, Stoudenmire, 1803.11537
Quantum generative model Gao, Zhang, Duan, 1711.02038

Quantum adversarial training Dallaire-Demers, Lloyd, Benedetti 1804.08641,1804.09139, 18060.00463



Differentiable Quantum Programming

=3 ot | Itis a paradigm beyond quantum-classical hybrid
-

Quantum code

Variational quantum eigensovler (VQE)

& @karpathy

{-A Andrej Karpathy & l

Quantum approximate optimization algorithm (QAOA) Gradient descent can write code better than

you. |'m sorry.
Quantum pattern recognition 1:56 PM - 4 Aug 2017

346 Retweets 1,169Likes & (@ € ‘Q @ 3 | O - ﬂ‘.

O 73 11 346 ¥ ik

Quantum circuit Born machine (QCBM)

Quantum circuit classifier Farhi, Neven, 1802.06002 Havlicek et al, 1804.11326

Born machine experiment Benedetti, Garcia-Pintos, Nam, Perdomo-Ortiz, 1801.07686
TNS inspired circuit architecture uggins, Patel, Whaley, Stoudenmire, 1803.11537
Quantum generative model Gao, Zhang, Duan, 1711.02038

Quantum adversarial training Dallaire-Demers, Lloyd, Benedetti 1804.08641,1804.09139, 18060.00463



Differentiable Quantum Programming

o | ot | Itis a paradigm beyond quantum-classical hybrid

Quantum code

{5A Andrej Karpathy & m y
%‘” @karpathy

Gradient descent can write code better than
you. |'m sorry.
Quantum pattern recognition 1:56 PM - 4 Aug 2017
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Variational quantum eigensovler (VQE)

Quantum approximate optimization algorithm (QAOA)

Quantum circuit Born machine (QCBM)

Quantum ci
Born machi

nseore “Quantum Software 2.0”

Quantum a 1800.00463

™1™ e’,




Try 1t yourself!

http://lib.itp.ac.cn/html/panzhang/mps/tutorial/
https://github.com/wangleiphy/DIL 4CSRC

https://github.com/Giggleliu/QuantumCircuitBornMachine

@ https://github.com/QuantumBES/Yao. |l


https://github.com/ProjectQ-Framework/ProjectQ

Neural Networks Tensor Networks Quantum Circuits
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“Eiﬁm”\ 2. Probabilistic Transformation
3. Information Processing Device

Th k Y | Pan Zhang Jun Wang Jinfeng Zeng Song Cheng
an Oou: Jin-Guo Liu Zhao-Yu Han Xiu-Zhe Luo Tao Xiang
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Quantum entanglement: from quantum states of
matter to deep learning

CHENG Song'? CHEN Jing"? WANG Lei"" i O
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