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Deep Learning and
physics 2018
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Target scope of Workshop

Deep learning plays a central role in recent developments in research in artificial intelligence (Al). Various
ideas based on physics are found in the research of deep learning, and consequently, deep learning and
physics are related intimately. This workshop is dedicated to (1) applications of deep learning to physics,
(2) discovering similarities among deep learning and physics, and (3) leading to new paradigm in physics
motivated by deep learning. Researchers in related fields are welcome to attending discussions at our
workshop.




Watch how machine learns AdS black hole
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1. Formulation of
AdS/DL correspondence

Solving inverse problem

AdS/CFT: quantum response from geometry
Deep learning: optimized sequential map
From AdS to DL

Dictionary of AdS/DL correspondence

GEOOOG
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@ Solving inverse problem

AdS/CFT Conventional
(No proof, no derivation) holographic modeling

Model

Classical gravity
in d+1 dim. spacetime

Metric Guuv

Quantum field theory |
in d dim. spacetime 1C°mpa”5°nt
(Strolng CO;pLIT.g I.I,g"t' Expenment Experiment
arge Lor iiml data data




@ Solving inverse problem

Our deep learning Conventional
holographic modeling holographic modeling

Model Model

Metric g,u,l/ Metric g,ul/

IComparlsorI

Experiment Experiment Experiment
data data data

Experiment
data



AdS/CFT: quantum response from geometry

[Klebanov, Witten]
Classical scalar field theory in (d+1) dim. geometry

o= / i z\/~det g [(8,0)2 — V(9)]
ds® = — f(n)dt* + dn® + g(n)(dai + - - - + dx_,)

- AdS boundary (n~o0): f~ g~ exp|2n/L]
 Black hole horizon (1 ~0): f ~n? g~ const.

Solve EoM, get response (O);. Boundary conditions:
AdS boundary (7 ~ 00 ) :

1
- ¢ =Je B+

AL —A_
_Black hole horizon (n ~0): 0,9 |n=0: 0

(O)e e




Deep learning : optimized sequential map

Layer 1 Layer 2 Layer N
0 P Pa®) e
D ;\' D F = fixEN)
_-_-: ® o o =7
- ::) :\

1 SN
Wig') SO(CU)
T_ *—“Activation function” (fixed nonlinear fn.)
“Weights” (variable linear map)

1) Prepare many sets {xgl), F'} :input + output
2) Train the network (adjust W;;) by lowering
“Loss function” =" | fi(eW V(- oW xD)) - F

data



From AdS to DL

Bulk EoOM 9 ¢ + h(n)d, —(W—M:o

Tmetrlc h(n ¢ [log \/f ]

= (©

DE cretization, Hamilton form
- o(n+ An) = ¢(n) + Anw(n)
] _ - dV(e(n))
b Lrtr+ an = wn -+ ag (henymtn) - 520
Neural-Network representation

:f8><8><8> Fo==ul



@ Dictionary of AdS/DL correspondence

Emergent space
oo >n=>0

Bulk gravity metric
h(n)

Nonlinear response
(O)s

Horizon condition
Ond |, _o=0

Interaction

V(9)

Depth of layers
1 =1,2,--- N
Network weights

(@)
]
Input data

o)

Output data
F

Activation function
()
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Solving inverse problem
Deep learning : optimized sequential map
AdS/CFT: guantum response from geometry

From AdS to DL

Dictionary of AdS/DL correspondence
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1. Formulation of
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2.

Implementation of AdS/DL
and emerging space

Emergent geometry in deep learning

Can AdS Schwarzschild be learned?
Emergent space from real material?

Numerical experiment summary

Machines learn..., what do we learn?



@ Emergent geometry in deep learning

Experiment 1: “Can AdS Schwarzschild be learned?”

1) Use AdS Schwarzschild and generate input data.
2) Prepare network with unspecified metric.

3) Let the network learn it by the data.

4) Check if AdS Schwarzschild is reproduced.

Experiment 2: “Emergent space from real material?”

1) Use material experimental data. SMo 6570 4MNOs
Ex) Magnetization curve of
strongly correlated material
2) 3) (same as above.)
4) Watch how space emerges!




@ Expl: Can AdS Schwarzschild be learned?

|:> 1) Use AdS Schwarzschild and generate input data.

O + (1) 0y — 5‘;—55] =0
h(m) = Beoth(3n)  VIo] = —* + 30!

AdS Schwarzschild metric
in the unit of AdS radius L =1
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@ Expl: Can AdS Schwarzschild be learned?

|:> 1) Use AdS Schwarzschild and generate input data.

m(n+ An) =m(n) + An (h(n)ﬁ(n) - 5‘;%3)))
T T ‘ 0= 0
[mmmmm e e 1 "
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@ Expl: Can AdS Schwarzschild be learned?

|:> 1) Use AdS Schwarzschild and generate input data.

0.20

0.15

0.10

0.05

Tinput o0
~0.05

~0.10

~0.15

40

0.2

0.4

06 08
¢input

Horizon

condition
® :true
® : false
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Expl: Can AdS Schwarzschild be learned?

|:> 2) Prepare network with unspecified metric.
3) Let the network learn it by the data.

¢. (M
input
o o o
Tinput
| : ) T ly=="Y

Unspecified metric
(10 layers, to be trained)
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@ Expl: Can AdS Schwarzschild be learned?

0.20 O-epoch%3

0.15 - Positive
0.10 NN(negative)=0

0.05 -
NN(positive)=0
5 0.00 (P )

-0.05 "%

|:>4) Check if AdS Schwarzschild is reproduced.
== [ TU€ metric
- Emergent mety
-0.10 //
-0.15

_0'28.0 0.2 0. 0.6 08 10 12 14 o 1 2 3 4 5 6 7 8 9
phi layer

With a regularization
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@ Emergent geometry in deep learning

Experiment 1: “Can AdS Schwarzschild be learned?”

1) Use AdS Schwarzschild and generate input data.
2) Prepare network with unspecified metric.

3) Let the network learn it by the data.

4) Check if AdS Schwarzschild is reproduced.

Experiment 2: “Emergent space from real material?”

1) Use material experimental data. SMo 6570 4MNOs
Ex) Magnetization curve of
strongly correlated material
2) 3) (same as above.)
4) Watch how space emerges!




Exp2: Emergent space from real material?

O-epoch%

Positive
15« NN(negative)=0_¢
NN(positive)=0" i

9. =ius

- Emergent metric

metric
(e ] N

-2
0'0123456_40123456789
H layer
1) Use material experimental data. SMoSfo4MNOs
C (@ 00K
Ex) Magnetization curve of 4 .
strongly correlated material 2] .
=,
2) 3) (same as above.) s ]
190 K
4) Watch how space emerges! ) .|
H (T) 5



Numerical experiment summary

Experiment 1 Experiment 2

Experimental data is

AdS Schwarzschild is :
explained by emergent

successfully learned.

space.
h(n)

A(n) °
L True metric Emergent metric(50)
Emergent metric(50) 4 Emergent metric(20)

e 4 Emergent mte_t[if:'(?.q/ P
= 2 7
2
0
8 0 2 4 6 8 0 2 o 6 8
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@ Machines learn..., what do we learn?

Our deep learning Conventional
holographic modeling holographic modeling

Model Model

Metric Guv Metric Guv

IComparlsorI

Experiment Experiment Experiment
data data data

Experiment
data



@ Machines learn..., what do we learn?

Unreproduced region near the horizon?
—> Issue on regularization and data thickness

Can more components of metric be learned?
—> Bulk gauge fields, inhomogeneous data

Is Einstein equation satisfied?
- No, in general.

Holographic QCD? Prediction?

Einstein gravity? Emergent space? General network?
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