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Holography

Spcuce’rimé from Bounddry dc:’rc:

Quantum physics in 4D = Gravity in 5D

Boundary
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Black hole
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ML Questions:

Can we understand
the extra (holographic) dimension
as a deep neural network?

Can we use a deep neural network
as a useful tool for holography?

Answer:
Positive for both



Deep Learning as a methodology

Traditional & Standard method Novel & Al method
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Deep Learning as a methodology

Traditional & Standard method Novel & Al method
Gravity Model Gravity Model
Metric g/a/ Metric g;w
Model j ; é ; .
building Deep Learning
Prediction
Prediction Prediction
Experimental | | Experimental Experimental | | Experimental
data data data data

Traditional method: from Bulk to Boundary
~ Intuition, principle (ex: symmetry), “genius” etc required to make a model
~ From a model, data are produced

Al method: from boundary to bulk
© Big data required
o Model yielding the answer is given by machine without any understanding
~ Intuition, principle (ex: symmetry), etc implied by the model will be discovered by human

For a difficult problem,
once we are given a qualitative answer we can understand it more easily.

(for example, model of “T-linear resistivity + T2 -Hall angle together” )



My own three motivations to study machine learning

o Surprised by Machine
© Physics motivation
© Quantum computing, brain and human, etc
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Why ML?
Surprisingly, there are still many new ways to play Go!
Likewise, machines may reveal unexpected new ways of understanding nature.
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Why ML?
Surprisingly, there are still many new ways to play Go!
Likewise, machines may reveal unexpected new ways of understanding nature.

Amazing




The status of ML as a “general” research tool
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My own three motivations to study machine learning

> Surprised by Machine
> Physics motivation
© Quantum computing, brain and human, etc



Some universal properties in CMT

Cuprate phase diagram
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Some universal properties in CMT

Science
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SCIENCE - 8 Jul 2022 - Vol 377, Issue 6602 - DOI:10.1126/science.abh4273




Some universal properties in CMT

(at low H) (at high H) MR
UD p-cuprates v (6] % v (23] - -
OP p-cuprates v [4] § v [25] v [26] X [27]
OD p-cuprates v [6] x [29] v [29] v [29]
Laz—;Cez CuO4 x [30] x [33] v [34] X [34]
SroRuOg4 v [35] x [36] x [36] X [36]
SI‘3R11207 v [10] - - -
FeSe;_ .S, x [39] § v [41] v'* [42] v'* [42]
Ba,Fez(Asl_me)z X [43] £ v [45] v [46] v [46]
Ba(Fel/gcol/gNil/g)zASQ - " - v [47] v [47]
YbRh,Si, x [48] & § f - - -
YbBAl, x [52] § £ v [52) § - - -
CeColns x [63] § v [54] § x [54] v [53] - -
CeRheGey x [55] & v [55] § x [55] - - -
(TMTSF),PFg - i v [56] § v [56] - - -
MATBG v [57 § v [58] § Vv [58] - - -
pxT o xw 2/?  Quadrature Extended Experimental
tLas T — 0 as T — oo MR criticality Prediction
Phenomenological § -
MFL ! v [65] & X [65] X X X loop currents [104]
EFL -b ] - - X X loop currents [105]
Numerical 1 3
ECFL & X ‘ v'[106] - - X X
HM (QMC/ED/CA) § - [107] | v [107-111] x ; - -
DMFT/EDMFT § v [112] § v[113, 114] x - v [114] -
QCP : V[115] ] - - - X -
Gravity-based ]
SYK ¥ [116, 117] v [117] X v [118] - X
AdS/CFT ¢ v [119] § v [119] v'© [88, 123] X X X

AD/EMD [124-126] % [88, 123, 124, 126, 127] v [88, 123, 127] X v[123] Fractional A-B [126]

No concrete holography model of “T-linear resistivity + T2 -Hall angle together” yet,
even though there are many interesting holography models partly successful?



ML Example: Holographic model

EMD(Einstein Maxwell Dilaton) model [ArXiv:1005.4690][hep-th], [ArXiv:1401.5436][hep-th]
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ML Example: Holographic model

EMD(Einstein Maxwell Dilaton) model

S — /dea:\/jg

p—1
R — %8& — iZ(qﬁ)F2 +V(¢) — %Y((b) Zazpf] . > Many variations
=1

Z@)~ e V(G ~TVee ™, Y(g)~eM

dt* L*dr* d7”

&=t apey T | A=QTd, d=rknr

ds® =re-1 [—f(r)

Something else



ML Example: Holographic model

EMD(Einstein Maxwell Dilaton) model

S — /dp“:c\/Tg

p—1
R — %8& - iZ(¢)F2 +V(¢) — %Y(¢) ;azpf] : > Many variations

Z() ~e?,  V(g)~ Ve,  Y(¢)~ e

20 dt* L*dr* d7” .,
ds® = re-1 [—f(r)rzz + r2f(r) + | A=Qr*dt, ¢=klnr

*

Something else

* Regarding

Sangjin’s questiorn yesterday

*ffective theory, chosen
by simplicity and other observables



ML Example: Holographic model

EMD(Einstein Maxwell Dilaton) model

S — /dea:\/jg

p—1
R — %8& — iZ(qﬁ)F2 +V(¢) — %Y((b) Zazpf] . > Many variations
=1

Z@)~ e V(G ~TVee ™, Y(g)~eM

d¢? n L*dr? n dz?
r2z L p2f(r) o2 |’

ds* = re1 [—f(r) A=Qr**dt, ¢=klnr

Something else



My own three motivations to study machine learning

o Surprised by Machine
© Physics motivation
> Quantum computing, brain and human, etc



What | have done for my goal

o Exercise 1: Metric from optical conductivity
© Exercise 2: Metric from entanglement entropy
© Problem classification and technique development in general
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Deep learning bulk spacetime from boundary optical

conductivity
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AdS /Deep learning: optical conductivity

Setup |
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Figure 2 | Conductivity spectrum of UPd,Al; at temperature 2.75K; both
real and imaginary parts (¢, and o, respectively) are shown. The fit
(0,4 i0;, =04(1 — iw7) ', 00=0.105p2 'ecm ', 7=48x10""'s)
documents the excellent agreement of experimental data and the Drude
prediction. The characteristic relaxation rate 1/7 is marked by the decrease in
0, and the maximum in o, around 3 GHz.
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What | have done for my goal

~ Exercise 1: Metric from optical conductivity
o Exercise 2: Metric from entanglement entropy
~ Problem classification and technique development in general
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AdS /Deep learning: entanglement entropy

Setup | Gubser-Rocca case
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What | have done for my goal

© Exercise 1: Metric from optical conductivity
~ Exercise 2: Metric from entanglement entropy
o Problem classification and technique development in general
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Deep learning and the AdS/CFT correspondence

Koji Hashjmoto,l Sotaro Sugishita,1 Akinori Tanaka,z’3 “ and Akio Tomiya5
~ "Department of Physics, Osaka University, Toyonaka, Osaka 560-0043, Japan
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3-14-1 Hiyoshi, Kouhoku-ku, Yokohama 223-8522, Japan
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Hirosawa, Wako, Saitama 351-0198, Japan
5Key Laboratory of Quark & Lepton Physics (MOE) and Institute of Particle Physics,
Central 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 correspondence, and demonstrate the
emergence of the bulk metric function via the learning process for given data sets of response in boundary
quantum field theories. The emergent radial direction of the bulk is identified with the depth of the layers,
and the network itself is interpreted as a bulk geometry. Our network provides a data-driven holographic
modeling 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 given response data. First, we show that, from boundary data
generated by the anti—de Sitter (AdS) Schwarzschild spacetime, our network can reproduce the metric.
Second, 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 experimental data
of the magnetic response of the strongly correlated material Sm ¢Sty ,MnO;. This AdS/DL correspon-
dence not only enables gravitational modeling of strongly correlated systems, but also sheds light on a
hidden mechanism of the emerging space in both AdS and DL.



[
Reference |

Chinese Physics C  Vol. 45, No. 7 (2021) 073111

AdS/Deep-Learning made easy: simple examples®

1,2 #% b

Mugeon Songl’#T Maverick S. H. Oh

leangju Institute of Science and Technology (GIST), Department of Physics and Photon Science; Gwangju,. South Korea
2Universi‘[y of California—Merced, Department of Physics, Merced, CA, USA

Yongjun Ahn" Keun-Young Kima'

Abstract: Deep learning has been widely and actively used in various research areas. Recently, in gauge/gravity
duality, a new deep learning technique called AdS/DL (Deep Learning) has been proposed. The goal of this paper is
to explain the essence of AdS/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 1s slightly different from standard deep learning 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
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Holography

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

o 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 |l
- 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
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Deep Learning 101
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Standard Deep Learning

Loss

—— 1f@) ~ frue(@)]

w(l) O W@ @ w® pe @ p®

Input Hidden Layers Output
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Standard Deep Learning
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Standard Deep Learning

e () Loss
— “‘# — If@ ~ forue(@)|

w(n O W@ @ w® pe @ p®

Input Hidden Layers Output

(l+1) — J(W(’) (’) b(’)) ~2000 epoch 19 parameters

ot 3 ] [22) (e [(2) el () (2)1) + (2] (2] ]
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Standard Deep Learning
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Standard Deep Learning
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~  Physics equation related Deep Learning |l
- Deep Learning for Integral: classical electrostatics
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Deep Learning for ODE: classical mechanics
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Deep Learning for ODE: classical mechanics
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Deep Learning for ODE: classical mechanics
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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
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- AdS/Deep Learning: Entanglement entropy
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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



AdS /Deep learning: optical conductivity
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Figure 2 | Conductivity spectrum of UPd,Al; at temperature 2.75K; both
real and imaginary parts (¢, and o, respectively) are shown. The fit
(0,4 i0;, =04(1 — iw7) ', 00=0.105p2 'ecm ', 7=48x10""'s)
documents the excellent agreement of experimental data and the Drude
prediction. The characteristic relaxation rate 1/7 is marked by the decrease in
0, and the maximum in o, around 3 GHz.
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Deep Learning for integral: electrostatics
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Deep Learning for integral: electrostatics
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AdS /Deep learning: entanglement entropy
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AdS /Deep learning: entanglement entropy
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Ongoing and future work

©  Methodology development

- ResNet,

- Neural ODE, Neural integral

- PINN (Physics Informed Neural Network)

- PDE
~  Other physical quantities

- ARPES: Fermionic spectral function

- Quantum info: complexity, entanglement entropy, etc

- Applications to other physics problems (including ODE, PDE, Integral)
~ Figuring out action itself for a specific problem

- so far, the form of the action is fixed

- Linear T resistivity + T2 Hall angle together
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Towards holographic strange model

EMD(Einstein Maxwell Dilaton) model
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Towards holographic strange model
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Quantum physics ~ Spacetime S
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