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Quantum physics in 4D = Gravity in 5D
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Quantum physics in 4D = Gravity in 5D
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Hologrc:phy

Deep LedrnlngBqu Spcuce’rlme from Boundqry dc:’rd

Al Question:

How to construct the extra (holographic) dimension?
as a deep neural network?

Gravity Model
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building @ @ Deep Learning
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Traditional way: Bulk to Boundary
(physics intuition, principle (ex: symmetry), etc required)

Inverse Problem: from boundary to bulk
(physics intuition, symmetry(ex: symmetry), etc discovered)

For a difficult problem
Once we know a qualitative answer, we can understand its meaning more easily
(for example, “Linear T resistivity + T2 Hall angle together” )
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Surprisingly, there are still many new ways to play Gol
Machines may reveal unexpected new methods of understanding nature.

The role of ML
Knowing the answer (assisted by machines) is not the end of the story, but the beginning of human work.
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Surprisingly, there are still many new ways to play Gol
Machines may reveal unexpected new methods of understanding nature.

The role of ML
Knowing the answer (assisted by machines) is not the end of the story, but the beginning of human work.

The status of ML as a “general” research tool
It's time to use machine learning as a toolbox.
You use Mathematica without fully understanding how it works.
You don't feel guilty using Mathematica, so using machine learning isn't cheating either.
Furthermore, | believe that ML will become as common as Python or C coding,
making it a must-learn 'language’ for science majors.



My view point: \
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Someone must study machine learning for holography, —_——
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PHYSICAL REVIEW D 98, 046019 (2018)

Deep lerning and the AdS/CFT correspondence

KOJI Ilashnnoto,lﬁSr)taro Suglshlta, Akinori Tanaka,™"* and Akio TomiyaS
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Hirosawa, Wako, Saitama 351-0198, Japan
'Ke» Laboratory of Quark & Lepton Physics (MOE) and Institute of Particle Physics,
Centrat China Normal University, Wuhan 430079, China

®  (Received 18 March 2018: published 27 August 2018)

We present a deep neural network representation of the AdS/CFT commespondence, and demonstrate the
ecmergence of the bulk metric function via the leaming process for given data sets of responsce in houndary
quantum ficld theories, The emergent radial direction of the bulk is identitied with the depth of the layers,
and the network itself is interpreted as a bulk geometry. Our network provides a data-driven holographic
madeling of strongly coupled systems. With a scalar ¢ theory with unknown mass and coupling, in
unknown curved spacetime with a black hole horizon, we demonstrate that our deep learning (DL)
framework can determine the systems that fit piven response data. First, we show that, from boundary data
generated by the anti-de Sitter (AdS) Schwarzschild spacetime, our network can reproduce the metric.
Sccond, we demonstrate that our network with experimental data as an input can determine the bulk metric,
the mass and the quadratic coupling of the holographic model. As an example we use the expenimental data
of the magnetic response of the strongly correlated material Smyg gSrp4MnQ;. This AdS/DL correspon-
denece pot only cnables gravitational modeling of strongly corrclated systems, but also sheds light on a
hidden mechanism of the emerging space in bath AdS and DL.
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Chinese Physics C Vol. 45, No. 7(2021) 073111

AdS/Deep-l.earning made easy: simple examples”

- 1ET . , 12,68 ; 18 R b
Mugeon Song Maverick S. H.Oh ™" Yongjun Ahn Keun-Young Kima

'Gwangju [nstitute of Qcicncc and Technology (GIST), Department of Physics and Photon Science, Gwangju, South Kerea
“University of Cahforma-Merced, Department of Physics, Merced, CA | 1JSA

Abstract: Deep lcarning has been widely and actively used in vanous rescarch arcas. Recently, in gauge/gravity
dualhty, a ncw deep lcarming techmque called AdS/DL (Deep Learming) has been proposed. The goal of this paper 1s
1o explain the essence of AAS/DL in the simplest possible setups, without resorting to knowledge of gauge/gravity
duality. This perspective will be useful for various physics problems: from the emergent spacetime as a neural net-
work to classical mechanics problems. For prototypical examples, we choose simple classical mechanics problems.
This method is slightly different from standard deep leaming techniques in the sense that we not only have the right
final answers but also obtain physical understanding of learning parameters.

Keywords: gauge/gravity duality, holographic principle, machine learning

DOI: 10.1088/1674-1137/abfc36



Reference |l

PUBLISHED FOR SISSA BY €) SPRINGER

Recoivien: January &, 2024
ACCEPTED: March 4, 2024
Pimuisnen: Marh 26, 2024

<JUII
b
il
L

Deep learning bulk spacetime from boundary optical

conductivity

Byoungjoon Ahn,” Hyun-Sik Jeong,”" Keun-Young Kim™" and Kwan Yun”

®Department of Physics and Photon Scienre, Guangfu Fnstitute of Seience and Technology,
123 Cheomdun-gwagive, Guangiu 61005, Koreo

*Instituto de Fisica Tedrica UAM/CSIC,

Clalle Nicolas Cabrera 13-15, 28049 Madrid, Spuin

tDepartamento de Fisica Teorica. Universidad Autonoma de Madrid,

28049 Mudrid, Spain
Rescarch Center for Photon Science Technology, Guangju Institute of Science and Technology,

123 Cheormndun-gwagire, Gwangju 61005, Kerea
£-inuil: bjahn123Qgist.ac.kr, hyunsik.jeong@csic.es, fortoel@gist.ac.kr,
ludibriphy70€gm.gist.ac.kr



Reference Il

Holographic reconstruction of black hole spacetime:
machine learning and entanglement entropy

Byoungjoon Ahn,” Hyun-Sik Jeong,”¢ Keun-Young Kim*“ and Kwan Yun®

“ Department of Physics and Photon Science, Gwangju Institute of Science and Technology,
128 Cheomdan-gwagiro, Gwangju 61005, Korea

b Instituto de Fisica Tedrica UAM/CSIC, Calle Nicolds Cabrera 13-15, 28049 Madrid, Spain

¢ Departamento de Fisica Tedrica, Universidad Auténoma de Madrid, 28049 Madrid, Spain

4 Research Center for Photon Science Technology, Gwangju Institute of Science and Technology,
128 Cheomdan-gwagiro, Gwangju 61005, Korea

E-mail: bjahn123@gist.ac.kr, hyunsik. jeong@csic.es, fortoe@gist.ac.kr,
ludibriphy70@gm.gist.ac.kr

ArXiv:2404:07395



Holography

Deep Leqrninglk’rie from Boundary dc:’rc:'

What is “Machine Learning” & “Deep Learning’?

- Deep Learning 101: standard story

Physics equation related Deep Learning |

- Deep Learning for ODE: classical mechanics

- AdS /Deep Learning: optical conductivity

Physics equation related Deep Learning |

- Deep Learning for Integral: classical electrostatics

- AdS/Deep Learning: Entanglement entropy



Deep Learning 101

ARTIFICIAL INTELLIGENGE

A program that can sense, reason,
act, and adapt

MACHINE LEARNING

Algorithms whose performance improve
as they are exposed to more data over time

Subset of machine learning in
which multilayered neural

dendrites




Deep Learning 101
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Standard Deep Learning
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Standard Deep Learning
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What is “Machine Learning” & “Deep Learning’?

- Deep Learning 101: standard story

Physics equation related Deep Learning |

- Deep Learning for ODE: classical mechanics

- AdS /Deep Learning: optical conductivity

Physics equation related Deep Learning |

- Deep Learning for Integral: classical electrostatics

- AdS/Deep Learning: Entanglement entropy
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We present a deep neural network representation of the AdS/CFT commespondence, and demonstrate the
ecmergence of the bulk metric function via the leaming process for given data sets of responsce in houndary
quantum ficld theories, The emergent radial direction of the bulk is identitied with the depth of the layers,
and the network itself is interpreted as a bulk geometry. Our network provides a data-driven holographic
madeling of strongly coupled systems. With a scalar ¢ theory with unknown mass and coupling, in
unknown curved spacetime with a black hole horizon, we demonstrate that our deep learning (DL)
framework can determine the systems that fit piven response data. First, we show that, from boundary data
generated by the anti-de Sitter (AdS) Schwarzschild spacetime, our network can reproduce the metric.
Sccond, we demonstrate that our network with experimental data as an input can determine the bulk metric,
the mass and the quadratic coupling of the holographic model. As an example we use the expenimental data
of the magnetic response of the strongly correlated material Smyg gSrp4MnQ;. This AdS/DL correspon-
denece pot only cnables gravitational modeling of strongly corrclated systems, but also sheds light on a
hidden mechanism of the emerging space in bath AdS and DL.
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1o explain the essence of AAS/DL in the simplest possible setups, without resorting to knowledge of gauge/gravity
duality. This perspective will be useful for various physics problems: from the emergent spacetime as a neural net-
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Deep Learning for ODE: classical mechanics
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Deep Learning for ODE: classical mechanics
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What is “Machine Learning” & “Deep Learning’?

- Deep Learning 101: standard story

Physics equation related Deep Learning |

- Deep Learning for ODE: classical mechanics

- AdS /Deep Learning: optical conductivity

Physics equation related Deep Learning |

- Deep Learning for Integral: classical electrostatics

- AdS/Deep Learning: Entanglement entropy



mx = F

A)f"(2)+B2)f (2)+C(2)f(z) = F(2)

A)f"(2)+B2)f (2)+C(2)f(z) = D(2)g(z)

E(2)g"(2)+F(2)g'(2)+G(2)g(z) = H(2)h(z)
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AdS /Deep learning: optical conductivity
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AdS /Deep learning: optical conductivity
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Figure 2 | Conductivity spectrum of UPd;Al; at temperature 2.75K
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What is “Machine Learning” & “Deep Learning’?

- Deep Learning 101: standard story

Physics equation related Deep Learning |

- Deep Learning for ODE: classical mechanics

- AdS /Deep Learning: optical conductivity

Physics equation related Deep Learning |

- Deep Learning for Integral: classical electrostatics

- AdS/Deep Learning: Entanglement entropy



/\ o(r)
zo(r)

ViE+ 22

1
E(z)z/ dr 2mr
0



Deep Learning for integral: electrostatics

1 ~ .
E(z):/ dr 2mr —22
: N
0.150
0.125 1
0.100 -
U 0.075
0.050
0.025
0.000 ' | B
0.0 0.5 1.0 15 2.0




Deep Learning for integral: electrostatics

r r r — r
N
Loss
FO =0 —XE D)—E® ?b» s EW(R) — & ()
gt _ g | Ap .o 270 o = 1 Kohl gL (O Jao=gl ... Smoothness
5 .33 ~_7 ~_7 diti
Vré + 24 condition
=0 Q(,/ r® — =1
E

/\ o(r)
zo(r)

V72 + 223

1
E(z)z/ dr 2mr
0

0.150
0.125 1
0.100 1
W 0.075
0.050

0.025

0.000
0.0 0.5 1.0 15 2.0



Deep Learning for integral: electrostatics

r r T — r
Loss
b‘{\\ .
. PR 3 & O . \WIE e
O —0 SEN—ET ?b ) o D (R) — & (B)
gintl) — p(0) L Ap. 97y zo(r) oV = 1 Yoo ¢ fo (GO g =0l ... Smoothness
3 . 7 N g s
Ve + 22 - - condition
=0 \Iii/ r® — =1
E

r=20 r=1
0.035
0.150 = |nitial
0.04- —— Trained
0.1251 _
0.03 - Reference
0.100 -
’C 02 -
W' 0.075 c ¢
0.050 0.01- .
0.025 0.00




What is “Machine Learning” & “Deep Learning’?

- Deep Learning 101: standard story

Physics equation related Deep Learning |

- Deep Learning for ODE: classical mechanics

- AdS /Deep Learning: optical conductivity

Physics equation related Deep Learning |

- Deep Learning for Integral: classical electrostatics

- AdS/Deep Learning: Entanglement entropy



z0(r)

VrE+ 22

1
E(z)=/ dr 2mr
0

Ala) = | F[ fi(r;a), [r(r;a), -+ ] dr

B(a) = | G fi(r; o), 5(r; ), -+ 1dr

Zx 2Z2 1
Lﬂ(Z*) = [ dZ
0 \/ 2t — 74 V@

T 2
C(z*):=—1+J PO B PR
o z2 22\ /(@)

2
o) 1 Ce) 2 4n [F(%)]

N

s 72 e C(zx) ¥ £(z+)° F(%)



Boundary Z Horizon

o 27° 1

Lﬂ(Z*) =[ dZ
0 \/Zi‘—z“ V@)

2« )
C(Z*)1=—1+J dz-ﬁ - L—1
0 z? 22\ f(2)

2
o) 1 Ce) 2 4n [F(%)]

N

s 72 e C(zx) ¥ £(z+)° F(%)



e Z.
Boundary Z Horizon
& 272 1
f(z*)=[ dr—=" Vi - RN Black hole
0 w—zt V& ' B ——
\/ 0.3- C;f:’/
Clzs) =~ 1 r*d N Y PO os| 77
) =—14+ L= ——4[—- a
(z ) 2 22\ f(2) o g 47
S o #=0
50\ 0.7 / H=1
__o(lz) 1  Cz) 2 4z | T() ‘ — u=2
4 0 5 10 15 20




[
AdS /Deep learning: entanglement entropy

Z, Z. Z. — Z.
. . 222 — S
gty — pln) 4 AL : 29— f& P - Loss
\/(:il — 24 f(2) *ffs({r)%(, — |S(£) — S ()]
b " A frue
M= —1 e e P
. " a (f, 22\ 1 s
Ol =0 + Az (\/(\1 - ;) 7@ ‘) = WL LN FRCZ Y E— , Smoothness
el condition
|
li//):
I
-
o — Z&.—
# Boundary Z Horizon
£(2+) =[ dz 7o . RN Black hole
0 4 _ 4 Z -
\/Z* < ///'";—:"'/;_ﬂ—:-
0.3 /5/
& L Z2 1 ~ ////
C(z*):=—1+J dz-—|1]/1——4/— -1 0.51 ///
0 z? 22\ f(2) o /7
0.4- // a0
30 Y 0.7 / u=1
o o(l(z) 1 Czo) 2 4z | T() — u=2
o .= © = Z2 + p f(z) + p > F 1 0.0l ! —_— p=3
* * * * —_ ’ ' : :
(z:) (4) 0 5 10 15 20



[
AdS /Deep learning: entanglement entropy

z, Z. Z., — z.
. ’ 222 - S
pintl) — pln) L AL : 24U =0 £ £ _ Loss
2 — 2N f(2) N
\/( : ) f(2) ,.S(Q..(‘ — |S(£) — Sgpue ()]
cV=—1 e oo P
n n Za ' 32 1 | -
Ct) =M + Az - 2 (\/(\1 - z?) 1@ l) f”il =1 foffot N o A /“3”5 = () | ee— > Smoothness
=7 condition
7 11 — 0 \z:’q/ L 7.‘...: — z“
_ 1.0-
o "--—‘__‘___‘ .4
0.8
' N
I
— 02
’___’-"__-’:—:-;’_ - -Z-* ------ » u.u ! 1 : : :
Boundarv z HOI’iZOI‘I 0.0 0.2 D4 , NE 08 1.0
- 2z° 1 RN Black hole
bﬂ(Z*) = dZ 1.0
0 fi—a VT | T —
— T ——
0.3- e
& Tk Z2 1 ~ ////
C(Z*):=—1+J a2l 1oL os| (7
0 z? 22\ f(2) o /7
0.4 // — u=0
3 ? 0.7+ / #—1
o o(l(z) 1 Czo) 2 4z | T() ' — u=2
o .= = > + Z/ﬂ( ) + p > 1 0.0 —_— p=3
) % Z Z « — sl ] ! !
" " (Z ) F( 4 ) 0 5 10 15 20



[
AdS /Deep learning: entanglement entropy

Gubser-Rocca case
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What is “Machine Learning” & “Deep Learning’?

- Deep Learning 101: standard story

Physics equation related Deep Learning |

- Deep Learning for ODE: classical mechanics

- AdS /Deep Learning: optical conductivity

Physics equation related Deep Learning |

- Deep Learning for Integral: classical electrostatics

- AdS/Deep Learning: Entanglement entropy
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Ongoing and future work

Methodology development

- Neural ODE

- PDE

- PINN (Physics Informed Neural Network)

- Applications to other physics problems (ODE, PDE, Integral)
Other physical quantities

- ARPES: Fermionic spectral function

- Quantum info: complexity, entanglement entropy, etc
Figuring out action itself

- Linear T resistivity + T2 Hall angle together
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