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and some thoughts



A research story

Monge-Ampere Flow for Generative Modeling

TR

@ arxXiv.1809.10188 O https://github.com/wangleiphy/MongeAmpereklow
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y = f(x) or p(y|x)
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Probability transtformation in picture

p(z)
iInput
distribution

output
distribution

v .

y .

/ ,
function

computed by I _

the network
x = 2(2) q(x)

y >

/ »

\ / Y :




A loy problem: Harmonic oscillator

Relative Center-of-mass
Mmotion motion ©

(2)
x)

Coupled harmonic oscillator
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anyway, the idea of optimal
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sense or not.

I|._,..I Key is to learn a map from z to a
scalar u, and let x be
\partial{u}/\partial{z}.
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Optimal Transport Theory

Monge problem (1781): How to transport earth with optimal cost ?
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Fields Metal 10 Fields Metal 18

from Cuturl, Solomon NISP 2017 tutorial

Nobel Prize in Economics ’75




Optimal Transport Theory

Monge problem (1781): How to transport earth with optimal cost ?

\q(x)
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Optimal Transport Theory

Monge problem (1781): How to transport earth with optimal cost ?

\q(x)
74 / T ﬂ

NZO

Under reasonable conditions

the optimal map is | & = X = Vu()

Brenier theorem (1991)

Simply impose symmtry in the scalar generating potential

— PRI !



Optimal Transport Theory

Monge problem (1781): How to transport earth with optimal cost ?

\q(x)
74 / T ﬂ

N

Under reasonable conditions

the optimal map Is

z—~Xx =Vu)

Brenier theorem (1991)

Monge-Ampere Equation
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A\ W Fr A How to transport earth with optimal cost ?
L | "“ Fields Metal ‘82 \q (x)
T M
Made contributions in differential o
equations, also to the Calabi \& X AI\/T
conjecture in algebraic geometry, to /

the positive mass conjecture of general
relativity theory, and to real and
complex Monge-Ampere equation

Brenier theorem (1991)

Under reasonable conditions

the optimal map is | & = X = Vu()

p(2) 0°u

Monge-Ampeére Equation —— =det| ——
SRR q(Vu(z)) 020z,




| letters to nature

Shlng_ Iung Yau ceeecccoesccoessonessoonenonesonnesooneonnesnnnesneneseeret  viscosity (discovered by Maxwell) does not operate, so that a non-
A reconstruction of the initial collisional mechanism involving a small-scale gravitational instabil-

ity must be invoked.

conditions of the UHiverse by Our reconstruction hypothesis implies that the initial positions

can be obtained from the present ones by another gradient map:

* optimal Nass transportation q = V,0(x), where 0 is a convex potential related to ¢ by a

Legendre—Fenchel transform (see Methods). We denote by p, the
Uriel Frisch*, Sabino Matarrese, Roya Mohayaee:* initial mass density (which can be treated as ugliform) anc31 by p(x)
& Andrei Sobolevskis* the final one. Mass conservation implies pod’q = p(x) d’x. Thus,
the ratio of final to initial density is the jacobian of the inverse
lagrangian map. This can be written as the following Monge—
Ampere equation® for the unknown potential ©:

det(V,, V., 0(x)) = p(x)/po (1)

where ‘det’ stands for determinant.

We emphasize that no information about the dynamics of matter
other than the reconstruction hypothesis is needed for our method,
whose degree of success depends crucially on how well this hypoth-
esis is satisfied. Exact reconstruction is obtained, for example, for
the Zel’dovich approximation (before particle trajectories cross)
and for adhesion-model dynamics (at arbitrary times).

We note that our Monge—Ampere equation for self-gravitating
matter may be viewed as a nonlinear generalization of a Poisson
equation (used for reconstruction in ref. 4), to which it reduces if
particles have moved very little from their initial positions.

[t has been discovered recently that the map generated by the
solution to the Monge—Ampere equation (1) is the (unique)
solution to an optimization problem®' (see also refs 22 and 23).

Made contributions in differential

equations, also to the Calabi
conjecture in algebraic geometry, to
the positive mass conjecture of general —
relativity theory, and to real and

complex Monge-Ampere equation

o gnaerTeasonmanie conaitions
Brenier theorem (1991)

Monge-Ampere Equation



The physics behind: fluid control

32 Continuous-time limit op(x. t
p(Z) _ det( u ) p( ) + V- [p(x, l‘)Vgﬂl = ()

q(Vu(z)) 07,02; (@) = 121712 + ep2) Ot
\ - e~ 0 Liouville Equation
I\Aonge—Ampere Equaﬂon (Continuity equation of
compressible fluids)
Simple density Complex density

With Linfeng Zhang, Weinan E 1809.10188



The physics behind: fluid control

+ V- [p(x,n) V| =0

p(z) —det( 2y ) Continuous-time limit ap(x, 1)

q(Vu(z)) 07,0%; (@) = 121712 + ep2) Ot
\ - e~ 0 Liouville Equation
Monge—Ampere Equaﬂon (Continuity equation of
compressible fluids)
II\=\ " ’!II_HTI[—II

Simple density } = {""—"’ Complex density

With Linfeng Zhang, Weinan E 1809.10188



Neural Ordinary Differential Equations

Residual network

i/

Input/Hidden/Output

X1 = X¢ +f(xt)

Chen et al, 1806.07366 NIPS ’18

ODE network

-5 0 5 0

-5 0 5
Input/Hidden/Output

dx/dt = f(x)

C

3est paper award |

uetal 1710.10121,

f Harbor el al 1705.03341

=177,



Density estimation of hand-written digits

A standard benchmark for generative models, lower is better

1400
data space
1330 -
1360 -
1340 -
—
—
—~ 1320 -
1300
— MADE
e | PR Rl I e P 12801 Real NVP
atent space | 12601 — MAF
— 100 100 102
epochs

FFJO

18 Our Result

See also

q

D 1810.01367

@ State-of-the-art performance in unstructured density estimation



Variational study of Sherrington-Kirkpatrick spin glasses

SK model, N = 10, beta =1

—-0.74 -

—0.76 -

—0.78 -

—— NVP

—0.80 - —— MAFlow

Free Energy

—0.82 -

—0.84 -

With Dian Wu,
-I  Pan Zhang unpublished

0 2000 4000 6000 8000 10000
Step

@ Better variational energy than previous network structure
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Importance of a symmetric flow

With symmetry

ﬁﬂ& ﬂ“‘?ﬂ
*?#‘F&

Q#Amﬂ

0 050 500 750 1000 1250 1500 1750 2000

Without symmetry

‘mode collapse”

0 250 500 750 1000 1250 1500 1750 2000
epochs



Neural Canonical Transformations

Incompressible symplectic flow in phase space

HP,Q)=P2+0d2 P

< =
== D
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Identifying mutually independent collective modes for
. molecular simulations (MD, PIMD), and effective field theory



Neural Canonical Transformations

Incompressible symplectic flow in phase space

H(P,Q) = (P* + 0%)/2

3
=t n;;;u;
- 1

0 =
i
%B’a

Identifying mutually independent collective modes for
‘ molecular simulations (MD, PIMD), and effective field theory



Fluid Mechanics

Tensor Networks

Wavelets | l !

Monte Carlo

Quantum Circuits

Variational

Holographic RG
Inference

Dynamical System



But, this 1s not the first time we teel excited

i 8 Doing Science With Neural Nets: Pride and
Prejudice

John W.Clark Thomas Lindenau . )
Manfred L. Ristig (Eds.) When neural networks re-emerged on the scene in the mid-80s as a new

and glamorous computational paradigm, the initial reaction in some sectors
of the scientific community was perhaps too enthusiastic and not sufficiently

Sc1eqt1ﬁg critical. There was a tendency on the part of practitioners to oversell the
Appllcatl()ns powers of neural-network or “connectionist” solutions relative to conven-
tional techniques — where conventional techniques can include both tradi-

Of Neur al Nets tional theory-rich modeling and established statistical methods. The last five
PocsAting: years have seen a correction phase, as some of the practical limitations of

Bad Honne! neural-network approaches have become apparent, and as scientists have be-

Germany 1998 come better acquainted with the wide array of advanced statistical tools that

are currently available.

Why now, but not 20 years ago 7
What has changed 7
What has not 7
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Representation Leanring

Output
(object identity)

3rd hidden layer
(object parts)

2nd hidden layer
(corners and
contours)

Page ©
Figure 1.2

1st hidden layer
(edges)

Visible layer
(input pixels)

Goodfellow, Bengio, Courville, http://www.deeplearningbook.org/



http://www.deeplearningbook.org/

Magic of learning representation

Neural style transter L atent space interpolation

RSV R I TR YT R Mt
WY . 3 WL w LAY
A e aR

. o ;

W N

“ F >. _ _A::: #’ | 7

@& Glow 1807.03039
Gatys et al, 1508.06576 https://blog.openai.com/glow/




|_earning representation for science

: ) -~ e

SMILES  Encoder Latent Space Decoder  SMILES - -
- T

Automatic chemical design, Galaxy evolution

Gomez-Bombarelli et al,1610.02415 Schawinski et al, 1812.01114




Deep Learning and Renormalization Group

Deep Architecture

2] ¢ ¢ OO 0 Do o
JO/ T (1) g/ m

Ifeeqd YW © W Q-
0 -J-$ 0 ¢¢¢--

Bény, 1301.3124 Mehta and Schwab, 1410.3831

blle\ @\ f

Koch-Jdanusz and Ringel, 1704.06279 You, Yang, Qi, 1709.01223
and more...



Deep Learning and Renormalization Group

Panda
58% confidence

+ .007 x

k. ':l‘ ‘
* f“.’.ﬂ
4' —'-. )’ g -

g:m& m;\ A

'1- 1}1?"# R‘ &’gny&' 1%

M LT

Goodfellow et al, 2014

Gibbon
99% confidence

. | A A1
Vulnerability of deep learning, Kenway, 1803.06111 & 1803.10995 /////@:%

=~

and more...



Wavelet transtormation for Lena and Ising

Guy, Wavelets &

RG 1999+ White,

—venbly, Qi, Wavelets, M

RA, and holographic mapping 2013+



Wavelet transtormation for Lena and Ising

Guy, Wavelets &

RG 1999+ White,
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Wavelet transtormation for Lena and Ising
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Neural Renormalization Group Flow

Normalizing flow with multiscale network structures

Swingle 0905.1317, Qi 1309.6282 and more

L)

) mieci

Neural Net

Nonlinear & adaptive generalizations of wavelets i shuo-Hui L
And, a fresh approach to holographic duality 1802.02840




Differentiable Programming

(c‘\ A Andrej Karpathy

&= % 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

A new paradigm for programming computers



Software 2.0

(;3 A Andrej Karpathy
g : ==

ﬁ? %y Director of Al at Tesla. Previously Research Scientist at OpenAl and PhD student
e Com putation al |y hom 0geneous https://medium.com/@karpathy/software-2-0-a64152b37¢35

Benefits compared to 1.0

at Stanford. I like to train deep neural nets on large datasets.

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

* Modules can meld into an optimal whole

e Better than humans

Writing software 2.0 by searching in the program space



Ditferentiable Scientific Programming

e Most linear algebra operations (Eigen, SVD!) are differentiable

e | oop/Condition/Sort/Permutations are also differentiable

e ODE integrators are differentiable with O(1) memory

o Differentiable ray tracer and Differentiable tluid simulations

o Differentiable Monte Carlo/Tensor Network/Functional RG/
Dynamical Mean Field Theory/Density Functional Theory...

Differentiable programming is more than training neural networks


https://people.maths.ox.ac.uk/gilesm/files/NA-08-01.pdf
https://people.csail.mit.edu/tzumao/diffrt/
https://arxiv.org/abs/1806.07366
https://rse-lab.cs.washington.edu/papers/spnets2018.pdf

Differentiable Eigensolver
HY = YA
Forward mode: What happenift H =H+dH 7 Perturbation theory

Reverse mode: How should | change H given Inverse
0.L/0F and 0.L/oA ? perturbation theory!

Hamiltonian engineering via differentiable programming

O https://github.com/wangleiphy/DL4CSRC/tree/master/2-ising see also Fujita et al, 1705.06372




Differentiable Quantum Programming

With Liu, Zeng, Wu, RHu
1804.04168, 1808.03425

_________

measure
>

outcomes

two -sample test

classical loss & gradient

>>1 < -
optimizer ' classical data

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



Differentiable Quantum Programming

|

Quantum Classical
Processor Optimizer

Variational quantum eigensovler (VQE)

_

Quantum approximate optimization algorithm (QAOA)

Quantum pattern recognition

Quantum circuit

Quan
Born

tum circuit classifier

machine experiment
TNS inspired circuit archi

ecture

Quantum generative model
Quantum adversarial training

Born machine (QCBM)

Farhi, Neven, 1802.06002 Havlicek et al, 1804.11326

Benedetti, Garcia-Pintos
uggins, Patel, Whaley,

Gao, Zhang, Duan, 171
Dallaire-Demers, Lloyd,

Nam, Perdomo-Ortiz, 1801.07686
Stoudenmire, 1803.11537

02038

Senedetti 1804.08641,1804.09139, 1806.00463



Differentiable Quantum Programming

|

Quantum Classical
Processor Optimizer

Variational quantum eigensovler (VQE)

_

It is a paradigm beyond quantum-classical hybrid

Quantum approximate optimization algorithm (QAOA)

Quantum pattern recognition

Quantum circuit

Quan
Born

tum circuit classifier

machine experiment
TNS inspired circuit archi

ecture

Quantum generative model
Quantum adversarial training

Born machine (QCBM)

Farhi, Neven, 1802.06002 Havlicek et al, 1804.11326
Benedetti, Garcia-Pintos, Nam, Perdomo-Ortiz, 1801.07686
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Gao, Zhang, Duan, 171-
Dallaire-Demers, Lloyd,
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Differentiable Quantum Programming

| o | 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, 1806.00463
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Try 1t yourselt!

https://github.com/wangleiphy/TRG
https://github.com/li012589/NeuralRG
https://github.com/wangleiphy/MongeAmpereFlow

https://github.com/Giggleliu/QuantumCircuitBornMachine

Refs
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Pan Zhang Song Cheng Jin-Guo Liu Weinan E
|
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https://github.com/ProjectQ-Framework/ProjectQ
https://arxiv.org/abs/1802.02840
https://arxiv.org/abs/1804.04168
https://arxiv.org/abs/1808.03425
https://arxiv.org/abs/1809.10188

CONTENTS

1 INTRODUCTION 2
Lecture Note on Deep Learning 2 DISCRIMINATIVE LEARNING 4
2.1 Data Representation 4
and Quantum Many-BOdy 2.2  Model: Artificial Neural Networks 6
. 2.3 Cost Function 9
ComPUtatlon 2.4 Optimization 11
2.4.1  Back Propagation 11

2.4.2 Gradient Descend 13

Jin-Guo Liu, Shuo-Hui Li, and Lei Wang* 2.5 glr;csi:irfsizzrtli(iirrllg, Vilsualization and Applications Beyond
5
. . . . GENERATIVE MODELING 1
Institute of Physics, Chinese Academy of Sciences . O o L C7 vddiaE v
Beijing 100190, China 3.2 Generative Model Zoo 18
3.2.1 Boltzmann Machines 19
3.2.2 Autoregressive Models 22
February 14, 2018 3.2.3 Normalizing Flow 23
3.2.4 Variational Autoencoders 25
3.2.5 Tensor Networks 28
3.2.6 Generative Adversarial Networks 29
3.3 Summary 32
4 APPLICATIONS TO QUANTUM MANY-BODY PHYSICS AND
MORE 33
4.1 Material and Chemistry Discoveries 33

Abstract 4.2 Density Functional Theory 34

http://wangleiphy.github.io/ emiey ety

This note introduces deep learning from a computa- A3tk 34

: e . : .5 Renormalization Group 35
tional quantum physicist’s perspective. The focus is on 45
‘ e Ct u re S / D |_ c D df deep learning’s impacts to quantum many-body compu- 4.6/ Monte Carlo Update Exoposals 35
i 4.7 Tensor Networks 36

tation, and vice versa. The latest version of the note is
at http:/ /wangleiphy.github.io/. Please send comments,
suggestions and corrections to the email address in below.

4.8 Quantum Machine Leanring 37
4.9 Miscellaneous 37
5 HANDS ON SESSION 39
5.1 Computation Graph and Back Propagation 39
5.2 Deep Learning Libraries 41

5.3 Generative Modeling using Normalizing Flows 42
5.4 Restricted Boltzmann Machine for Image Restoration 43
5.5 Neural Network as a Quantum Wave Function Ansatz 43

CHALLENGES AHEAD 45

Google Colab e
free G PU aCCGSS + wanglei@iphy.ac.cn PIBHDGRATEY 47



http://wangleiphy.github.io/lectures/DL.pdf
http://wangleiphy.github.io/lectures/DL.pdf

CONTENTS

1 INTRODUCTION 2
Lecture Note on Deep Learning 2 DISCRIMINATIVE LEARNING 4
2.1 Data Representation 4
and Quantum Many-BOdy 2.2  Model: Artificial Neural Networks 6
. 2.3 Cost Function 9
ComPUtatlon 2.4 Optimization 11
2.4.1  Back Propagation 11

2.4.2 Gradient Descend 13

Jin-Guo Liu, Shuo-Hui Li, and Lei Wang* 2.5 glr;csi:irfsizzrtli(iirrllg, Vilsualization and Applications Beyond
5
. . . . GENERATIVE MODELING 1
Institute of Physics, Chinese Academy of Sciences . O o L C7 vddiaE v
Beijing 100190, China 3.2 Generative Model Zoo 18
3.2.1 Boltzmann Machines 19
3.2.2 Autoregressive Models 22
February 14, 2018 3.2.3 Normalizing Flow 23
3.2.4 Variational Autoencoders 25
3.2.5 Tensor Networks 28
3.2.6 Generative Adversarial Networks 29
3.3 Summary 32
4 APPLICATIONS TO QUANTUM MANY-BODY PHYSICS AND
MORE 33
4.1 Material and Chemistry Discoveries 33

Abstract 4.2 Density Functional Theory 34

http://wangleiphy.github.io/ emiey ety

This note introduces deep learning from a computa- A3tk 34

: e . : .5 Renormalization Group 35
tional quantum physicist’s perspective. The focus is on 45
‘ e Ct u re S / D |_ c D df deep learning’s impacts to quantum many-body compu- 4.6/ Monte Carlo Update Exoposals 35
i 4.7 Tensor Networks 36

tation, and vice versa. The latest version of the note is
at http:/ /wangleiphy.github.io/. Please send comments,
suggestions and corrections to the email address in below.

4.8 Quantum Machine Leanring 37
4.9 Miscellaneous 37
5 HANDS ON SESSION 39
5.1 Computation Graph and Back Propagation 39
5.2 Deep Learning Libraries 41

5.3 Generative Modeling using Normalizing Flows 42
5.4 Restricted Boltzmann Machine for Image Restoration 43
5.5 Neural Network as a Quantum Wave Function Ansatz 43

CHALLENGES AHEAD 45

Google Colab )
free G PU aCCGSS + wanglei@iphy.ac.cn PIBHDGRATEY 47



http://wangleiphy.github.io/lectures/DL.pdf
http://wangleiphy.github.io/lectures/DL.pdf

o catch up with the latest upaates

_ WS Focus Topic Descriptions X B KiTP X +

+

(@) Focus Topic Descriptions X F:] KITP X

& cC © ® & https://www.kitp.ucsb.edu/activities/machine19 B 120% e O % vy N DO ©®@ ¢ T = &« C ® ® & American Physical Society (US) | https://www.aps.o B (110% e O % v N DO @ ¢ T =

American Physical Society Sites | APS | Journals | PhysicsCentral | Physics

‘ B
p h YS l CS Login Become a Member Contact Us

llm ! _ °’ . f is ' Staff Login | VisitorsLogin S
2 Kavli Institute for '

@

': Theoretical Physics

. University of California, Santa Barbara

‘
=

Publications Meetings & Events Programs Membership Policy & Advocacy Careers In Physics Newsroom About

Machine Learning for Quantum Many-Body Physics

Coordinators: Roger Melko, Amnon Shashua, Miles Stoudenmire, and Matthias Troyer

\ MARCH MEETING
BOSTON, MA

+ M 0 €

Scientific Advisors: Juan Carrasquilla, Pankaj Mehta, Lei Wang, and Lenka Zdeborova

This KITP program will bring together experts from both physics and computer science to discuss the uses of

machine learning in theoretical and experimental many-body physics. Machine learning will be explored as a DATES

complementary method to current computational techniques, including Monte Carlo and tensor networks, as well Jan 28, 2019 - Mar 22,

as a method to analyze "big data" generated in experiment. The program will include applications in the design of 209 . . "
quantum computers and devices, such as the use of neural networks for the purposes of decoding, quantum error INFORMATION Abstracts Schedule Registration Hotel & Travel Exhibits
correction, and tomography. Theoretical connections between deep learning, the renormalization group, and tensor

networks, will be examined in detail. Foundational questions in machine learning will be addressed, such as the m Focus Topics

KITP, Santa Barbara Program APS March meeting focus session
ML for Quantum Many-Body Physics ML in Condensed Matter Physics
Jan 28-Mar 22, 2019 Boston, Mar 4-8, 2019



