ipi seminar, univ. Tokyo, online, 10 Nov 2022

Deep Learning and Emergent Spacetime

Koji Hashimoto (Kyoto U.)

Based on:
- “Deriving dilaton potential in improved holographic QCD from chiral condensate” 2209.04638

“Deriving dilaton potential in improved holographic QCD from meson spectrum” 2108.08091
w/ K.Ohashi (Keio), T.Sumimoto (Osaka u)
- “Neural ODE and Holographic QCD” 2006.00712  w/ H.Y.Hu, Y.ZYou (UCSD)
- “Deep Learning and AdS/QCD” 2005.02636 w/ T. Akutagawa, T. Sumimoto (Osaka u)
- “Deep Boltzmann Machine and AdS/CFT” 1903.04951
- “Deep Learning and Holographic QCD” 1809.10536

w/ S. Sugishita (Kentucky), A. Tanaka, A. Tomiya (RIKEN)
- “Deep Learning and AdS/CFT” 1802.08313 w/ S. Sugishita (Kentucky), A. Tanaka, A. Tomiya (RIKEN)
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> Ogaka CTESR - RIEEN ITHES/ITHEMS - Eavli IPMO
> Joint symposium

Deep learning
and physics

> Venue: Nambu hall, Osaka university

> Date: June 5 (Mon), 2017, 13:00-18:00
> Invited speakers :

8. Amari (RIKEN)
> 8. Ikeda (I8M / Eavli IPMI)

> Y. Eawahara (Osaka U. / RIEEN)
> M. Taki (RIKEN)

> A, Tanaks (RIEKEN)

> T, Ohtsuki (Sophia T.)

> N. Bugulki (Kavi IPMT) i

W




Similarity!?

Wormbholes in Penrose diagram

of maximally extended eternal
AdS Schwarzschild black hole
[lizuka, Sugishita, KH "17]

R A
‘W"‘v v"" 8%
’ "I'\ ‘ /, >
g{:;‘.‘i":‘.‘f\\fi

(X)
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Deep Autoencoder
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@ When is NN a spacetime?
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@ Quantum Gravity

Brief History of quantum gravity

1974 ‘tHooft, Veltman:

Perturbation fails in Einstein gravity.

1970 Nambu, Susskind, Nielsen:
String theory of hadrons.

1974 Yoneya, Scherk, Schwarz:
String is quantum gravity.

~_ v

1997 Maldacena:

1971 Bekenstein:
Black hole entropy.

1993 ‘tHooft, Susskind:

1/4

Holographic principle.

—

AdS/CFT correspondence.



@ Quantum Gravity

AdS/CFT correspondence, no proof
[Maldacena, Adv.Theor.Math.Phys. 2 (1998) 231]

2/4

IIC FT” llAd S”
“Large N” Classical
Quantum mechanics _ Ouantdra gravity
in d-dim. spacetime in (d+1)-dim. spacetime

- Vast amount of examples known
* No proof!

* How does it work?
 Given Left, how can one get Right?

14



@ Quantum Gravity "

Dictionary : equating partition functions

[Gubser, Klebanov, Polyakov, Phys.Lett.B428(1998)105]
[Witten, Adv.Theor.Math.Phys. 2 (1998) 253]

Partition function of Partition function of
Quantum mechanics Classical gravity
Z o] — Z o)
| |
/[Dq(t)]e—fdt(ﬁ[q,qwo(t)@[q]) o fdtdzx/——g(RgHﬁ[qu---)
t A LA
¢(t,2) Classical sol.
g,ul/?a z)
source |/ ¢o(t) 0}, > %




@ Quantum Gravity s

Quantum geometry is a network

Regge calculus AdS/MERA Quantum codes

[Regge 1961]  (Tensor Network) for holography

[Swingle "09] [Pastawski, Yoshida,

Causal dynamical Harlow, Preskill *15]

i m —m
triangulation Ha 1 L
el 5] [ B

[Ambjorn, Loll 1998] ;_55_;: i G 8 . 48 &
HeelHert et 0&
Clmid . &
| 5 G N o Ae
- -!. J = I — NI I ,-.,! & _N .,';
:Il' ;hl 1 |"' @k’ww I L@H
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@ Neural Network Quantum States |,
Various neural networks were invented

A mostly complete chort of

s NEUral Networks ...

206 Fiodor van Yeen - asimaviastiie org

it Cardl
A
£4 Noisy input Cell Perceptran (F] Feed Forward (FF)  Radial Basis Network (RBF] i)
.
@ Hidden Cetl
B Frobablistic Hidden Cell :
o
a g Hickden el Aecurrent Mewrad Network (AMNN] Long S Short Term Memaory [LSTM)  Gated Recurrent init (GRU)J
i i =3

l. Dtpust Cell

. Match Input Cutput Catl

. Hecurrent Cell

@ rmemory ceu Auto Encoder (AE)  Variational AE (VAE) Denoising AE (DAE) Sparse AE (SAE)

...
) ‘ﬂﬂ:*fﬂﬂ;‘f

'. Differert Memony Cell

Kernad

ﬂ Convalution or Pool

http://www.asimovinstitute.org/neural-network-zoo/



Marken Chain (ML) Hopfield Netwiark (HN)  Boltzmann Machine [BM) Restricted BR (REM) Deep Belief Network (DBEN)

OO R  R R
o Rl el PR

*"a

Deep Corrvedutional Network (DN} Decormeiutional Netwark (IN) Deep Corrvedutional inverse Graphics Metwock (DCIGN)

Generative Adversarial Network [GAN)  Liguid State Machine (LSM]  Extreme Learning Machime (ELM)

RRRRA

SN W W W W K

R Wi
é__ﬂ'ﬁ"ﬂﬁ&ﬁ&'j




@ Neural Network Quantum States,

Machine learning = function approximator

Input: a vector (x1, 29,23, --)
Output: a value f(x1,z2,x3,--)

Network architecture is the function ansatz

X0

Perceptron model | _
[Rosenblatt 1958] Boltzmann machine

[Rumelhart, McClelland 1986] [Ackley, Hinton, Sejnowski 1985]

— W@ (D
f= Wl (W)




@ Neural Network Quantum States .,

Neural network for classification

“Unit” (circle) : Vector component
Perceptron model

“Weight” (line) : Linear transformation

>< ~g D to be optimized
“Activation function” (hidden line-end) :
_ w® (1) Nonlinear component-wise transf.
f=We (W xf) 1
xX) =
- ) I +e>

- Training protocol :

1) Prepare manysets {(x,f)} :(input, output)
2) Train the network (adjust W) by lowering

“Loss function” - _ 2) (1)
E=Z ‘f_Wi §0<Wij %

data



@ Neural Network Quantum States,

Find ground state wave function w(s;, s, =+, sy)

Q : Minimize its energy E for a given Hamiltonian H,

I >:_51."*‘\.w"|-"'..~,r\ : l(H/J' "-\)[]*l"""\"”""'N\v{l{'h‘l..“ .H‘\')
o Doy s WISt SN )U(s1, - LS
A : Use ansatz and optimize parameters!
- Matrix product states -T—ui«—
W(sy, Sy, ) = tfACDA®)....] | 81) | 55) | 83) | 84)

- Tensor network states A/é\/ﬁx

W(s), Sy 00) = Z mnmsisyAnsy, |5|> |55) [ 83) | 84)



@ Neural Network Quantum States .,

Neural network can be wave functions

- Boltzmann machine states

[Carleo, Troyer "17],
[Nomura, Darmawan, Yamaji, Imada "17], ..

Wiy, SN ) = Z“.‘ﬂ* |:Z a8, T E"I"-lh-ﬁ + E ';-J-T"II'FI-"]
i1 i i, A

|I.l|_

- Deep Boltzmann machine states

[Carleo, Nomura, Imada 18], ..

- Feedfoward network states  [Saito "18], ..

I J




@ Neural Network Quantum States .,
Better? and Why?

Neural states may beat conventional ones.  107%

Ex) 2-dimensional S
antiferromagnetic Energy with '~ T
Heisenberg model RBM states

[Carleo, Troyer “17] L MY

H o]‘ hidden units

Discovered intimate relations are there.
1) Boltzmann machine states are tensor network states
[Chen, Cheng, Xie, Wang, Xiang 18]
2) Tensor states are deep Boltzmann [Gao, Duan "17] [Huang, Moore "17]

3) Tensor states are feedforward with “product pooling”
[Cohen, Shashua 18]

Ex) Unified approach: MPO-Net [Gao, Cheng, He, Xie, Zhao, Lu, Xiang "19]
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@ When is NN a spacetime? s

General NN is not a space

No notion of which unit is close to which

Perceptron model Boltzmann machine

[Rosenblatt 1958] [Ackley, Hinton, Sejnowski 1985]
[Rumelhart, McClelland 1986]



@ When is NN a spacetime?
Sparsity + weight sharing, for NN to be a space

No locality Locality imposed
Q..
{ Parallelly
Fully Convolutional b translated
connected layer

[Fukushima "80]

Input: ¢(nAx)
Output:

ap(nAz) + b0, d(nAx) + cOZp(nAzx) + - --

2/5



@ When is NN a spacetime?
NN depth as time

Dynamical system
X =fx@®) T—> x(t,.) =x(t,)+ At f(x(t,)

n

Discretized time

ResNET (Residual network) : easily trained deep model
[K.He et al.,1512.03385]

M % (n+1) _ (n) ()
x.(”)(w 7 xoth o =S (Wijxj )+x

l 1 —

Skip connection

3/5



@ When is NN a spacetime? s

Hamilton dynamics is a NN

oH oH 1802.08313

= 0q

Time-dependent Hamiltonian = weights/activation

(0 0 v 0
W= 0 1+Arw,; Atw, 0
g 0 Atw,, 1+ Atw, O
L0 u 0 0
P

( Atf(x) 000 0
i 1 A 10 0

\\_, Q; = W =
W. Q; W 1 0 01 4
i ij (A1g(x) 0000

1 1 A

A
2 _ —w21q2 + —1F(vp) — —2G(uq)
2 Y u

(F'=f, G =g

H=wypqg+ Ewlzl?



@ When is NN a spacetime? s

Q. Find a Hamiltonian

Consider a particle motion z(t) in a given potential
V(z)in 1 dimension, with unknown time-dependent
friction force h(t)x .
One tried many initial conditions (z(t = 0), (¢t = 0))
and collected those which stop at ¢ = 10.

Q. From given data of the initial conditions, find h(t).

mi = h(t)i (‘ﬂgia:) \\/ \j/
> U
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AdS/CFT
(No proof, no derivation)

Classical gravity theory
in d+1 dim. spacetime

Quantum field theory

in d dim. spacetime
(Strong coupling limit,
large DoF limit)

Conventional modeling

Gravity model

Action

~ >

Metric Gy

ICompa rlsorI

Exp /Lattice Exp/Lattice
data

‘.‘ -

Quantum field theory



Bulk reconstruction

Gravity model

Action

Metric G

Exp/Lattice
d

Exp/Lattice
data ata

- 1 F

Quantum field theory

Conventional modeling

Gravity model

Action

~ >

Metric Gy

ICompa rlsorI

Exp/Lattice
data

1 F

Exp /Lattice

‘t

Quantum field theory



Spacetime emergent from data |,

Gravity side

Classical scalar field theory in unknown 5-dim. spacetime
1802.08313

S = /dnd‘lx\/detg [(0,0)° — V(9)] 1809.10536
ds? = —f(n)dt* + di? + gn)(da? + - + da_))

) 3 A

_ Vgl = —ﬁ¢2 + Z¢4

Data: (¢, Z[¢0)) t

r  P0
@ ; o(n) i)
(gb’n:ooaandn:ooa@n(b‘n:O) <
0 Ui




Spacetime emergent from data ,,

Equation of motion as a feedforward NN

Eq. of motion c‘ﬁgb + h(n)0y¢ — 5V([;b] =0

@ metric  h(n llog VI ]

Discretization [ ¢(n + An) = ¢(n) + An=(n)
Hamilton form 7 (& Ap) = =(n) + An (h(n)ﬂ(n) ~ 5V(¢(n)))

@ ! 6p(n)

Feedfoward neural network for classification




Spacetime emergent from data .,

Training with data of quark condensate

Data of quantum chromodynamics
simulated by supercomputer A

0

Quark condensate
Do ALRE

0.000 ] 0010 0015 0020

¢o Quark mass



Spacetime emergent from data ,,

Spacetime metric emergent as NN

10*0-epochs h(n)
010 15
Emergent metnc
T 008 10
]
3 0.06 L
A = 5§
<004 : /
2 '
v 002 o 0
Dml’.l' 000 0.005 .L'iﬂ 0015 0020 '5<0 5 10
quark mass [GeV] layer

Trained values of potential :
1/L=237(3)[MeV], A/L=0.0127(6)



@ Spacetime emergent from data 5/7
Reconstructing gravity model dual to QCD

Gravity model
Action 5=« / ff"’r\/,?.:(ff - ji;;”-‘*’f},”qna,.wl: + rm}}.)

Metric h(n)

Quark
potential

Chiral

44



Spacetime emergent from data .,

Deriving the dilaton potential

Gravity model

. 5 = | .
Action 5=« / ff".r\s’,r,:(ff - 1;;-”-‘*f},”q:a,.wl: + rml})

f 2209.04638

Metric  h(n) TV

1
1.8}

45



Spacetime emergent from data ,,

Prediction of QCD string breaking

Gravity model

[ " = 1 5
Action S=c¢ [ d&®zyg(R - =¢"V oy ®Ind + V(D)
v 3

=

Metric h(n)

Chiral Quark
condensate potential

46
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Discussion: Quantum gravity € ML ?
3 steps for quantum gravity

Quantum Mechanics Gravity side Architecture
side metric g,,,| field ¢
Large DoF limit Classical | Classical Feedforward NN

Large DoF expansion || Classical | Quantum Deep Boltzmann

Finite DoF Quantum | Quantum ?

- Neural ODE : free from discretization
- Quantum AdS/CFT c Deep Boltzmann machine
- Which part of geometry is the neurons?




Discussion: Quantum gravity € ML ?

Neural ODE : free from discretization

2006.00712
Residual Network ODE Network d Q5(77)
5. - 5 :; . L
41 b P.4 i 77
3 4 IRt | 4 Emergent metric
cL [ |
&g 3, 1 | hin) =8.23515° + 8.010877 + 7.60717"
| + 6946877 + 150.88537 — 13081177
. ! : B / - 55538477 — 2.222357 + 3.7719
| ? p=1-1
o AL 0—: l.ﬁ,L Ao /
Input/Hidden/Output Input/Hidden/Output Q Qbar pOtentlaI
Neural ODE [R.T.Q.Chen, Y.Rubanova, vid)
J.Bettencourt, D.Duvenaud 1806.07366] =er/!

=




Discussion: Quantum gravity € ML ?
Quantum AdS/CFT c Deep Boltzmann

AdS/CFT Deep Boltzman machine

[Maldacena 1997] [Salakhutdinov, Hinton 2009]

Zorr|J] = / D¢ exp (—Sgravity [©])

! -','--[:2“1:-.!|I FJH{'_{“.]"

[KH "19] [You,Yang,Qi "18] (See also [Gan,Shu “17][Howard "18])



Discussion: Quantum gravity € ML ?
Physical picture of Deep Boltzmann

Ground state wave function for given Hamiltonian

is identified as a deep Boltzmann machine
[Carleo, Nomura, Imada 18], ..

|l//> — lim e—le any> — e—ArHe—ArH." |any>
H M O
TSI
IS >< 0 0 e
TS | |
O U J Euclidean time

D SR Y S e
1j n o ij

h{Me{o,1}



Discussion: Quantum gravity € ML ?
AdS/CFT discretized the bulk, but fixed

AdS/MERA Quantum codes for holography

[Swingle "09] [Pastawski, Yoshida, Harlow, Preskill "15]

> X
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Discussion: Quantum gravity € ML ?
Quantum spacetime? Regge vs Matrix

Regge calculus Dynamical triangulation
[Regge 61] [Ambjorn, Loll 98]
Fixed lattice architecture, Randomly generated
variable lengths lattice architecture,

fixed lengths

~ - >

Suits conventional NN Novel “QG NN”



@ When is NN a spacetime?

Hamilton dynamics is a NN

OH oH 1802.08313

T op’ dq

4 Trial NN representation: q P
q(t + A1) = ¢ (Wy,19(0) + Wi, p(1)) pgzg‘?_z‘é
p(t+ A1) = @ (W5,q(1) + Wy, p(1))

At - 0
@ Consistency requires «[ Wij = 0+ Atwy

: (x) = x + Argi(x
{ g =wyq+wpp+8(q) #i0) 8i%)

P =wWyq+wyp+ g(p)
\_ Trivial linear Hamiltonian... Y,

q

\




Spacetime emergent from data

Emergent metric can predict physics

Emergent metric

Volume
factor

Cf) Bottom-up model

2 o2 ) 2 1 2
A ds” = (I = z%)dt* + dx; + ——dz
72 1 —z4

o

[Andreev, Zakharov, 06, '07]



Spacetime emergent from data

Emergent metric can predict physics

Emergent metric

Q Qbar potential
: Volume 4
factor
77 _
< : : Procedures
10 0 based on
' [Maldacenal] e -
BU mp [Rey,Theisen,Yee] an| -'-"""’"f# -
-
14 .""""
) 'ﬂ.'-:-ﬂ::;_ 7R
[f

[Petreczky, “10] ’I' _ oy

59



3. Holographyis a NN
Detailed mapping possible

Scalar field theory - d-] . .
. . o / A" el 2 = .'r::':_II'r:J.r_'rI‘! | .fn'*,}Z!_;"?Ir_uju-' Fed( 20 (0e0) + el 2)m?o?
in curved spacetime - > | =
o oaa o (@) — ()
Proper \Pe0)" = lim AN
discreti (8.)> o [ @G k) — i 2k) Gliae Zesn ) — Gl .-.:4..:-:']
. ~ i o i .i.l._ Ml 4
-zation andetl AT

o
'il'lli I QU :-:II.':I

Energy function of - .:
deep Boltzmann o }




3. Holographyis a NN

Dictionary: Spacetime is a NN

AdS/CFT

Deep Boltzmann machine

Bulk coordinate z
QFT source J(x)
Bulk field ¢(x, z)
QFT generating function Z|[.J]
Bulk action S|[¢]

Hidden layer label k
Input value v;
Hidden variables .-*L.E-H
Provability distribution P(wv;)

; ' e (k)
Energy function &(vi, h; ')

61



5. Holographic spacetime is a NN
Algebraize PDE by Fourier transformation

[Karch, Kaz, Son, Stephanov "06]
Classical gauge theory in 5-d dilaton gravity background

S = Jd“xdz e‘q’\/—_g (FMN)2
Dilaton ®(z), metric ds? = ¢24®@ (dz2 + nﬂydx”dx”)

AdS boundary ( z~0): B(z) = ®(z) — A(z) ~ logz

Solve EoM for gauge field A, (z,x*) = v, (2)p,(x")

0 0
— (e B—v, | +w? By, =0
0z 774

When frequency takes a proper discrete value w? ~ m?,
gauge field is normalizable : vector meson spectra.



5. Holographic spacetime is a NN
Algebraize PDE by Fourier transformation

0 0
Bulk EoM <e‘B—vn> +w?e By =0

@ a_z 0z

Discr.etization v.(z+ Az2) = v, (2) + Az 7 (2)
Hamilton form 7,(z + AZ) = 1,(2) + Az (BQm,(2) — 0™, (2))

7

Neural-Network representation

> N M

NS v(z=00)=0
7I0 e o o
1% O W)




5. Holographic spacetime is a NN
Training with QCD data: hadron spectra

PDG data for rho meson mass :
m{Y = 0.77 GeV, m$? = 1.45 GeV

e Positive
Negative

B'(z) = ®'(z) = A'z)

50
2o



5. Holographic spacetime is a NN
Training with QCD data: hadron spectra

PDG data for rho meson mass :

m{Y = 0.77 GeV, m$? = 1.45 GeV
PDG data for a, meson mass :

m)) = 1.32 GeV, m{? = 1.70 GeV

B(2) = ®'(2) - A'2)  B@=0()-340)

— :
50 T

Ja




5. Holographic spacetime is a NN
Neural geometry emergent in the bulk

Metric Dilaton
- consistent with pure AdS - grows at IR,
like QCD running coupling

— [ralnad —— frainad
pure Ads 8 z:'l
8
s | exp[2A(2)] 0 D(z)
I.III"-.
4 Y i
\ 5 e
e

2 N\ Zie==

L < —— - va
0 S 0 '

1 2 3 4 1 2 3 4



4. Spacetime emergent from data
Simplest holographic model

Classical scalar field probing 5-dim. curved spacetime
S = [ dndte/dety (0,0 - V() boon soens
ds® = — f(n)dt* + dn* + g(n)(daT + - - - + dzj_))

" AdS boundary (n ~ o0 ): f ~ g~ exp[2n/L]
 Black hole horizon (1 ~0): f~n* g~ const.

Solve eq. of motion to get response (W), . [Kiebanov, witten 98]

' AdS boundary (n ~ o0 ): ¢ = m, e + (ry) e

Black hole horizon (n ~0): 0,¢ ‘nzOZ 0






1. Quantum Gravity
Brief History of quantum gravity
1970 Nambu, Susskind, Nielsen: String theory of hadrons.

1971 Bekenstein: Black hole entropy is area.
Bekenstein, Lettere al Nouvo Cimento 4(1972)737.

1974 Yoneya, Scherk, Schwarz: String is quantum gravity.

Yoneya, Prog.Theor.Phys. 51 (1974) 1907.
Scherk, Schwarz, Nucl.Phys. B81 (1974) 118.

1974 ‘tHooft, Veltman: Perturbation fails in gravity.
‘tHooft, Verltman, Ann.Inst.Henri Poincare A20 (1974) 69.

1993 ‘tHooft, Susskind: Holographic principle.

‘tHooft, Conf.Proc.C930308 (1993)284.
Susskind, J.Math.Phys.36(1995)6377.

1997 Maldacena: Discovery of AdS/CFT correspondence.

Maldacena, Adv.Theor.Math.Phys. 2 (1998) 231.



@ Is deep learning useful? 3 reasons.

1. Holographic QCD is an inverse problem,
and the deep learning is good at it.

Normal problem:

A = f(B) System “f” given, calculate A for given B.
Inverse problem:

For given many data (A,B), find “f”.

2. Discrete gravity is a network optimization,
and so is the deep learning.

3. Deep learning architecture resembles holography.



@ Holographic QCD is an inverse problem

Gravity Model

Metric G,

Experiment Experiment
data data

1




Holographic QCD is an inverse problem

Lattice QCD data:
chiral condensate
VS quark mass

L I'I'.ll

L1
o G

[RBC-Bielefeld collaboration, 2008]

(Courtesy of W.Unger)

Gravity Model

Metric G,

Q Qbar potential
Deep
Learning i ,...-..--ar,-.-y

|||||

Experiment £ =1
data g

[Petreczky 2010]

Experiment
data



@ Discrete gravity = Network optimization?

Regge calculus
[Regge 1961]

Causal dynamical

triangulation
[Ambjorn, Loll 1998]

AdS/MERA
[Swingle "09]
- r; *'I' Y ¥

Quantum codes
for holography

[Pastawski, Yoshida,
Harlow, Preskill "15]

J‘Q}‘” B
._fr" {:’}u

Dt‘-?"'_ Black hole ‘@‘-

'-'-i- :

b=, Q. o ';..;
W W
% l‘:_":_. 3:.-:-'%7' &@h}; o



Machine learning = Optimizing networks

I:',r Hackfed Input Cell
input Cadl

LY Noisy Input Cell

@ Hidden cell

B Frobablistic Hidden Cell

@ spiking Hidden Cell

. Dtpust Cell

@ matchinput Dutput Cal

. Recurrent Cell

. Memory Cell

'. Different Memory Cell
Kernal

E,'l Convalution or Pool

A mostly complete chort of

Neural Networks .. ...

2006 Findor van Vean - asimolastiuie org

Percegtron (P Feed Forward (FF) Radial Basis Network [REF]

» e e

Recurrent Mewral Network (ANN) Long / Short Term Memory (L5TM)  Gated Recurrent Linit (GRU)

e e

Autp Encoder (AE) Vanational AE (VAE) Demoising AE (AE) Sparse AE [SAE)

http://www.asimovinstitute.org/neural-network-zoo/
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Marken Chain (ML) Hopfield Netwiark (HN)  Boltzmann Machine [BM) Restricted BR (REM) Deep Belief Network (DBEN)

OO R  R R
o Rl el PR

*"a

Deep Corrvedutional Network (DN} Decormeiutional Netwark (IN) Deep Corrvedutional inverse Graphics Metwock (DCIGN)

Generative Adversarial Network [GAN)  Liguid State Machine (LSM]  Extreme Learning Machime (ELM)

RRRRA

SN W W W W K

R Wi
é__ﬂ'ﬁ"ﬂﬁ&ﬁ&'j
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@ Machine learning = function approximator

Input: a vector (v,,v,, Vs, ...)
Output: a value f(vy, vy, v3,...)

Network architecture = Function ansatz

X9

Perceptron model

[Rosenblatt 1958] Boltzmann machine
[Rumelhart, McClelland 1986] 15}y Hinton, Sejnowski 1985]

Universal approximation theorem :
Any function can be approximated with more
hidden units [Cybenko 1989] [Roux, Bengio 2008]



Neural network for classification

p—

“Unit” (circles) : Vector components
Perceptron model

“Weight” (lines) : Linear transformation
>< - mf—xﬁ to be optimized
].

“Activation function” (hidden line-end) :

f= W(z)go <W(1)x-> Nonlinear component-wise transf.
i ij 77 1
X) =
— ) I +e*

- Training protocol :

1) Prepare many sets {(xj,f)} : input + output
2) Train the network (adjust W) by lowering

“Loss function” . _ 2) (1)
E= ) ‘f_Wi ¢<Wij X;

data



)

AdS/CFT

[Maldacena ‘97]

Holography as a classifier

Deep neural network

Black hole

CFT (Emergent spacetime)



7 pages

1. Is deep learning useful?

ArXiv:1903.04951

8 pages

Deeply learning

2.
QCD chiral condensate

ArXiv:1802.08313, 1809.10536 w/ S. Sugishita, A. Tanaka, A. Tomiya

Deeply learning * pages
QCD hadron spectra




@ AdS/CFT: guantum 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 (1~ o0 ): f ~ g~ exp[2n/L]
Black hole horizon (n ~0): f ~n? g~ const.

Solve EoM, get response (O);. Boundary conditions:

AdS boundary (n ~ o0 ) :

1
- ¢ =Je B+

A A
 Black hole horizon (n ~0): 0,¢ |n=0: 0

(O




Neural network of AdS scalar

16,

Bulk EOM  97¢) + h(n)d, —W—W:o

Tmetrlc h(n ¢ llog VI ]

Discretization, Hamilton form
1 [ o+ An) =on) + Ann(n)
] _ - dV(e(n))
~ w(n+An) =n(n) + An (h(n)ﬂ(n) 56 )
Neural-Network representation

f8><8><8> ==l



@ Dictionary of AdS/DL correspondence

AdS/CFT Deep learning

Emergent space Depth of layers
oo >n=>0 i=1,2--- N
Bulk gravity metric Network weights
(a)
h(??) W
Nonlinear response Input data
(O) 7y
Horizon condition Output data
677¢ ”'720: 0 F
Interaction Activation function
V(¢) p(z)




Holographic QCD is an inverse problem

Gravity Model

Metric G,

L1
aon  Oes 0o oo A 0

Q Qbar potential

Lattice QCD data: ',
chiral condensate — ]

VS quark mass

e Deep

| " | Learning i M@t

e Experiment Experiment = |

= data data E

[RBC-Bielefeld collaboration, 2008]
(Courtesy of W.Unger) [Petreczky 2010]



QCD data as a classification

0.25
-e'1.|l'l,|.i;- i
020 b g
S - . —— ] P|Ck Up
*/ B=3.33
0.05. 1. 133 —a—
My data

I:Ltlllill:l.lilflllil s r}.':;m Erli'.ITﬁ QO 0025 D630
B=3.30 < T=196[MeV]

[RBC-Bielefeld collaboration, 2008]
(Courtesy of W.Unger)

Chiral condensate VS quark mass.

foes) [ GeVhyY

018

o

aua

0.0y
] i ] aifii gt iy} hfrd

@® Positive data
® Negative data

(il =
rig [V
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@ Map data to asymptotic scalar

[Klebanov, Witten] [DaRold,Pomarol][Karch,Katz,Son,Stephanov] [Cherman,Cohen,Werbos]

3
VN, T . N EVI\P _
?= (qpe™™" - 3 < mq> ne "
T 27/ N, 2\ 4r
e Conformal dimension of (qq) is 3.
e Sub-leading contribution, present.
e Everything measured in unit of AdS radius.
Boundary Dinput horizon
8 2 N 2 N I 8
e ©o
=0
7Tlnput 77(77
KIebanov Witten Unspecified metric h(n),

decomposition coupling )\ (to be trained)



@ Map data to asymptotic scalar

[Klebanov, Witten] [DaRold,Pomarol][Karch,Katz,Son,Stephanov] [Cherman,Cohen,Werbos]

3
v N, A (VN _
mqe” " + i (Gg)e " — = mg | ne "
4 2/, 2 \ 4r

e Conformal dimension of (qq) is 3.
e Sub-leading contribution, present.
e Everything measured in unit of AdS radius.

Boundary horizon

My )\ ) )\ Y
OIS .+« 2500

L Jf,.w QCD lattice data
Y

O =




@ Machine learns QCD data, metric emerges

10*0-epochs
010 15
Emergent metnc
= 008 10
>
EDDE 2
& g ° N
w 004
3 0 \
v 002 \ J
P K Ao & A W ':r'-'ﬂ.' ]-'
DDU{} 000 Q005 0010 0015 0020 -5 0 5 10
quark mass |[GeV| layer

Learned value of (AdS radius)?: 1/L = 237(3)[MeV]
bulk scalar self coupling : A/L=0.0127(6)
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@ Machine learned a bottom-up model

Learned metric Cf) Bottom-up model
cz*2
2 = € AN 42 2 1
Volume 4 ds” = 2 <(1 2)dt” + dx; +—1—z4dzz>
factor )
< : : <
[ 0

[Andreev, Zakharov, 06, '07]

Bump
Quantum gravity effect? crinyakutake 141

- Confinement

Coexistence of - .
Deconfinement




Machine predicts a Q Qbar potential

Learned metric Q Qbar potential

Vi
Volume 4 ()

factor

1 P — Procedures
<€ } - based on
1 € 0 [Maldacenal]

Bump

[Rey,Theisen,Yee]

- Confinement =2 Linear potential
Coexistence of -

Deconfinement = Debye screening



@ Machine predicts a Q Qbar potential

Q Qbar potential
I= '_‘ljlu-1| . . # 1+. + -.|-=I| F (T [Gev] _.-._'m#’f-' Vl.r{-'r} |
A4 o e o [LE] g 2 ; L
E— R é Mwﬁ_ ' = 0 S o L
2 i ;&m—-—r '_'I‘;i:'
F“:' I“ g-_ | ] 4 ; ';,”;
' I i = i;
] 41 J::".-
I l' ol ! im o
I [ 4] 1
[T.Ishikawa et al., ‘08, [Petreczky, "10]

CPPACS + JLQCD collaboration]

- Confinement =2 Linear potential
Coexistence of -

Deconfinement = Debye screening
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@ Hadron spectra from geometry
[Karch, Kaz, Son, Stephanov "06]

Classical gauge theory in 5-d dilaton gravity background

Dilaton ®(z), metric ds? = ¢24®@ (dz2 + nﬂydx”dx”)

AdS boundary (7 ~0 ): B(z) = ®(z) — A(z) ~ logz

Solve EoM for gauge field A, (z,x*) = v, (2)p,(x")

0 0
— (e B—v | +w? By, =0
0z 02

When frequency takes a proper discrete value w? ~ m?,
gauge field is normalizable : vector meson spectra.



@ Neural network of AdS scalar

Bulk EoM 0 <e_Ba ) 5 R

— —V, | twe
! ! 0z

0z
Discretization, Hamilton form
v.(z+Az)=v (2) + Az 7, (2)
7z + AZ) = 7,(2) + Az (B'(2)7m,(2) — 0?v,(2))

Neural-Network representation

v, =0

> DM

NS V(z=100)=0
T e o o
14 o—J )



@ QCD data as a classification

PDG data for rho meson mass :

miV = 0.77 GeV, m{? = 1.45 GeV
® Positive

Negative

B'(z) = ®'(z2) —A'(z)



@ QCD data as a classification

PDG data for rho meson mass :

miV = 0.77 GeV, m{? = 1.45 GeV
PDG data for a, meson mass :
mS) =132 GeV, m{?) = 1.70 GeV

B'(z) = ®'(z) — A'(2) B'(z) = ®'(z) — 3A'(z)



Emergent spacetime is confining

exp[2A(z)]
=
=
th

0.050 Bump

0.025 /Q\

0.000 = — =
1 2 3 4

Confining geometry emerged
...... consistent with Wilson loop
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@ What do we learn?

Strategy for a universal modeling?

- Consistency with more observables:
1-pt, 2-pt, 3-pt, ... and spacetime dependence?

- More hadron spectroscopy.

- Rather, observable-oriented modeling?

Consistency with top-down approach?

- Supergravity as a regularization for learning

Quantum gravity path-integral?




Neural network for probability distribution

Boltzmann machine  [“ynit” (circles) : Spins

“Visible units” (yellow)
“Hidden units” (green)

“Weight” (lines) : Spin-spin coupling
to be optimized

Plv;) = Z exp |[—E(vi, hi)] E(vi, hi) = Z Wi vl
hi€{0,1} i
- Training protocol :
1) Prepare many sets {(v;, P, (v;))}:input + output
2) Train the network (adjust W) by lowering
“Loss function” E = Dy (Pex(vi)l |P(Vi))



QFT on AdS as a Boltzmann machine
[KH "19] [You,Yang,Qi "18] (See also [Gan,Shu "17][Howard "18])

AdS/CFT Deep Boltzmann machine

[Maldacena 1997] [Salakhutdinov, Hinton 2009]
CFT  Ads .

Zf_:_l FT [J] = / ‘I}ﬁ':' exXp l:: _‘E;Hreu'it.}* [-l':?] } F( Ui } o Z CXP |_€“‘f ? h i ”

Jd{z=0)=.] h,€{0,1}
AdS/CFT Deep Boltzmann machine
Bulk coordinate z Hidden layer label &
QFT source J{x) Input value wy
Bulk field ¢(x, z) Hidden variables .I’rk'lﬁ'J
QFT generating function Z[.J]|Provability distribution Plv, )]
Bulk action S[¢] Energy function &(vi, h'*)
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Summary: Neural network as a spacetime

Deep neural network

Black hole

CFT (Emergent spacetime)



@ Emergent geometry?

Emergence of AdS radial direction?

Bulk reconstruction and locality.
[Heemskerk, Penedones, Polchinski, Sully 09]
Entanglement entropy reconstruction.

[Balasubramanian, Chowdhury, Czech, de Boer, Heller 13]
[Myers, Rao, Sugishita 14]

Optimization of boundary path integral.
[Caputa,Kundu,Miyaji,Takayanagi,Watanabe 17]

Renormalization and effective LG theory.
[Ki-Seok Kim, Chanyong Park 16]

AdS/MERA. [swingle 12]
Emergence of smooth neural network space?

Statistical neural network. [Amari et al.]



@ Quantum gravity = Network optimization

Regge calculus
[Regge 1961]

Causal dynamical

triangulation
[Ambjorn, Loll 1998]

AdS/MERA
[Swingle "09]
- r; *'I' Y ¥

Quantum codes
for holography

[Pastawski, Yoshida,
Harlow, Preskill "15]

J‘Q}‘” B
._fr" {:’}u

Dt‘-?"'_ Black hole ‘@‘-

'-'-i- :

b=, Q. o ';..;
W W
% l‘:_":_. 3:.-:-'%7' &@h}; o



@ Deep learning : optimized sequential map

Layer 1 Layer 2 Layer N
0 aPmewPal) e
D = . F = fixEN)
_-_-: e o o =7
- ::) :\

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

1) Prepare many sets {:cz(.l), F} : iInput + output
2) Train the network (adjust W;;) by lowering
“Loss function” 5= 3" | £i(e(W V(- oW a))) - F

data




Deep Learning
And Physics

> Yukawa Institute for Theoretical Physics

> Kyoto, Japan

g 31 Oct w2 Nov 2019 H
& _“. & & W . . i

Target scope of Conference

Reap learning plays a central role in recent developments in research in artificial intelligence (Al). Various

ideas based on ph re found in the research of deep leaming, and consequantly, deep learning and

physics are related intimataly. This international conference is dedicated to (1) applications of deep

learning to physics, (2) discovering similaritieas among deep l2arning and physics, and (3) leading 1o new
gm In phys wiivated by d rchers In related fields are welcome to attending

cussions gt the conterence

Organizers

Koii Heshimoto (Osaka U), Masatoshi Imada (To ), Kouji Kashiwa (Fukuoka |Institute of

echnology), Yuki 14l (JAEA), Ma: [ Rinald] (Riken & Arithmer Ine), ARinor




Is Spacetime a Neural Network?




Spacetime is a Neural Network

. Spaceisa NN
. Timeisa NN 1802.08313
HOIOgraphy ISa NN 1903.04951

1802.08313

Holographic space is @ NN  1g051053

Holographic spacetime is a NN

S O

Quantum spacetime is a NN?



