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Generative Models

() Wavenet 1609.03499 1711.10433 & Giow 1807.03039

https://deepmind.com/blog/wavenet-generative-model-raw-audio/

https://deepmind.com/blog/high-fidelity-speech-synthesis-wavenet/ https://blog.openai.com/glow/
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Generative Artwork
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Generative Artwork
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What can we do for physics ?



Physicists’ gifts to Machine Learning

Mean Field Theory
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Monte Carlo Methods

Tensor Networks

Quantum Computing




Physics genes of generative models
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Applications In PhysIcsS

Y

Wavefunctions ansatz Quantum tomography

Renormalization group Monte Carlo update




RBM as a variational ansatz

Exact construction for 1d S

Carleo and Troyer, Science 2017

@ Hidden Layer @

Visible Layer.

P, 2d toric code state etc

Related to tensor network, string-bond, correlator product states

Killer app ? Long-range, volume law entanglement, chiral state,
improved Jastrow/Backflow

Deng, Li, Gao, Chen, Cheng, Xiang, Clark, Glasser, Cirac, Carl Budich, Imada...



lIJ Boltzmann machine as a guantum state

»Q U (x)

o Stronger feature detection of deep hierarchical structure

gubits
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o BackProp for efficient gradient computation

« Beyond VMC.: variational autoregressive networks (VAN)

“Teach a neural network quantum & statistical physics”

Cai, Liu, Han, He, Clark, Wu, Zhang...


https://arxiv.org/abs/1704.05148

Quantum State Tomography

P g2

Measure

N g

RBMs
(but other generative
models also work)

“Reconstruct quantum state as a neural network”
Torlai et al, Nature Physics 2017, Carrasquilla et al 1810.10584



Observables inaccessible

to the experiment

XX spin correlations

(unpublished)

0.0

Applications of QST

Entanglement entropy

----- ED B TFIMh=038
® XXZA=10 ¢ TFIMh=1.0
©® TFIMh=1.2




Output
(object identity)

3rd hidden layer
(object parts)

2nd hidden layer
(corners and
contours)

1st hidden layer .Page 6
(edges) Figure 1.2

Visible layer
(input pixels)

Goodfellow, Bengio, Courville, http://www.deeplearningbook.org/
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RG and Deep Learning

Deep Architecture

2] ¢ o O T De *
JU (1) Jn/ g
Ileed YW & W Q-
J /
0 °°£ 0 000
Bény, 1301.3124 Mehta and Schwab, 1410.3831
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Koch-Jdanusz and Ringel, 1704.06279 You, Yang, Qi, 1709.01223
and more...



+ .007 x

Panda Gibbon
58% confidence Goodfellow et al, 2014 99% confidence

Vulnerability of deep learning, Kenway, 1803.06111 & 1803.10995

and more...



S48 Monte Carlo update proposals using
Boltzmann Machines

Learn preferences
&

Recommendations

e
VN o

* Use Boltzmann Machines as recommender
systems for Monte Carlo simulation of physical

prob\ems _I Huang and LW, 1610.02746

_iu, Qi, Meng, Fu, 1610.03137
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S48 Monte Carlo update proposals using

& Boltzmann Machines

IRER

* Use Boltzmann Machines as recommender
systems for Monte Carlo simulation of physical

Learn preferences

Recommendations

roblem
P oblems _I Huang and LW, 1610.02746
_iu, Qi, Meng, Fu, 1610.03137

 Moreover, BM parametrizes Monte Carlo policies
and can explore novel algorithms!  Lw 1702.08586



| ocal vs Cluster update polices
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| ocal vs Cluster update polices

is slower than




| ocal vs Cluster update polices

Algorithmic innovation outperforms Moore’s law!



And more...

¢ #

SMILES Encoder Latent Space Decoder  SMILES

Automatic chemical design Galaxy evolution
Gomez-Bombarelli et al,1610.02415 Schawinski et al, unpublished




Timeline of Generative Models
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Boltzmann Variational Adversarial Normalizing Autoregressive Born
Machines Autoendoer Network Flows Flows Machines
1980s 2013 2014 2015 2010 2017

X

@ Leverage the power of modern generative models for physics

@ Statistical, quantum, and ﬂUld physics inspired generative models



https://arxiv.org/abs/1610.02415
https://arxiv.org/abs/1802.02840

DL as a fluid control problem

p@) o 2y Continuous-time limit ap(x, 1)
u@) = |z \2/2 + ep(2) ot

Monge-Ampére equation Continuity equation of
optimal transport theory compressible fluids

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

Simple density Y Complex density

/hang, &, LW, 1809.10188
c.f. Neural OD—, 1806.07366




Density estimation of hand-written digits

A standard benchmark for generative models, lower is better

1400

Data space [SVARaule 720
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18 Our Result

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



MC update In the latent space

L atent space energy function
Een(z) = E(8(2)) +Ing(g(z)) — In p(z)

5051 =
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Physical energy function E(x) 10 20 30 40 50

HMC steps

@ Fast thermalization in the latent space;
Local move in the latent space => nonlocal move in the physical space
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Neural Canonical Transformations

Incompressible symplectic flow Iin phase space

HP,Q)=P2+0d2 P

¥JOM]ION
lednaN

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




Neural Canonical Transformations

Incompressible symplectic flow Iin phase space

P

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

V.l. Arnold

Mathematical
Methods of
Classical
Mechanics

Second Edition

2 Springer

@ Identifying mutually independent collective modes for
molecular simulations (MD, PIMD), and effective field theory
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Neural Renormalization Group Flow

Normalizing flow with multiscale network structures

Swingle 0905.1317, Qi 1309.6282 and more

L) Bijective

Neural Net

Li and LW
A fresh approach for holographic duality arXiV'ﬂagoz_Ozgm



https://arxiv.org/abs/1802.02840

| earned collective representation

@ Nonlinear & adaptive generalizations of wavelets
Guy, Wavelets & RG1999+ White, Evenbly, Qi, Wavelets, MERA, and holographic mapping 2013+




Tensor Networks

Wavelets ﬁﬂ%
!

Monte Carlo -—
Variational
Inference

Shuo-Hui Li
/ Jin-Guo Liu

Quantum Circuits

Holographic RG

Linfeng Zhang

Pan Zhang Yi-Zhuang You

Weinan E



