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Quantum gravity experiments in laboratories

Gravitational theories in laboratories?

QCP = CFT = Gravity
/ N
1 AdS/CFT duality

Quantum gravity appears when a BH evaporates

o e
T <
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AdS theory dual to a given material?

Find an AdS theory phenomenologically

{ f
Boundary Bulk
x3 x3
X4 Xy
d dim d+ 1 dim
) & X, X
GKPW
(O(x)O0(x)O0(x3)O(xy)) = (O(x)O0(x)O0(x3)O(xy))
for equilibrium states on fixed backgrounds

What is the metric corresponding to a given CFT state?
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Boundary linear response — bulk metric

Linear response is equivalent to the retarded Green’s function

H() = H+ V@), V() = Jdd—lx J(t, D)Oy(X)
AN

Interaction picture ‘ support: 7 > 0

5
pit) = Texp | —i J ds ad[V(s)]| py : Gibbs state
0 MO

(O/(x)); =~ Trlp,0 5+ 0 (assumption)

n Jddy { —iO? — yO)Tr (pyl O)x), O,(]) } J(y)
=: Gp(x,y)
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Boundary linear response — bulk metric

Prepare ring-shaped material
in Gibbs state

Get linear response data
e™/Z <0>J

Find the bulk metric that reproduces the data

N

Machine-learning
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Machine-learning g, from linear response

<0>J

dual

—ﬂHo / Z

Physical
B.C.
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Machine-learning emergent spacetime
from linear response

1. The forward problem:
Boundary linear response from bulk

2. The inverse problem:
Bulk metric from boundary linear response

3. NN solves the inverse problem

4. Demonstration:
NN reproduces BTZ metric
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AdS/CFT: Generating functionals are equal

AdS/CFT correspondence (large N)
[ @qﬁ ellcerlpl+i] d?x J(x)Op(x) — e Uads[ Pl

O~rA-dj]

CFT (d dim) AdS gravity (d + 1 dim)

Cooman Y 1 BU.D
~
D € )

Quantum theory Classical field theory

> =\
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The bulk configuration dual to Gibbs state

Apply the dictionary in Euclidean signature

Tre_ﬂH — JQZ¢ e_ICFT[Qb] — e_IAdS[(Dcl]

DO~ rA-dx()

If 1, 45 is Einstein, we find two solutions:

Sch-AdS pure AdS

Hawking-Page transition

C

In general theories, we do not know if the bulk has a BH.
But, 8w Is static and spherically symmetric.
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Linear response around Gibbs state

Apply the dictionary for Schwinger-Keldysh contour

Boundary

Bulk
(BH case)

Skenderis, van Rees (2008)

For linear response, this reduces to ...

D 4

When interested in O(J 1),
we need free ® on fixed 8

el
The one dual to the Gibbs state
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Linear response around Gibbs state

One more B.C. is necessary

O =0fortr<0... %k
(retarded B.C.)

d ~ rAdy
T + retarded ie-presc.
If BH exists, *= ingoing B.C. If not, > = reqgular B.C.
Q. ONER
P W [ty
Q ’y,
&’O :\\ J
N 0

O© ~ rA 4+ r20),

r—00

Then, how to extract (O); ? »

13 /34



Forward problem:
Boundary linear response from bulk

Tre _ﬂH —_ g/z¢ e_ICFT[¢] — e_IAdS[(Dcl] g y
D~ra-dx() / #

with ® ~ 7279 and retarded B.C. /
=0

/

® ~ r24J+r%0),

r—o0
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Machine-learning emergent spacetime
from linear response

1. The forward problem:
Boundary linear response from bulk

2. The inverse problem:
Bulk metric from boundary linear response

3. NN solves the inverse problem

4. Demonstration:
NN reproduces BTZ metric
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Boundary linear response — bulk metric

Prepare ring-shaped (1+1d)

material in Gibbs state _
Get linear response data

(by experiment or simulation)
e iz <0>J

O : scalar primary

Find the bulk metric that reproduces the data
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g,, has two components

Static and spherically symmetric metric
ds? = g,(r)dt* + g,,(r)dr? + gy(r)d6?

Residual gauge: r = (&)

I
Gauge fix: g% /—g o« &7 (& € [0,1])

) 4

Two independent components
2(S) 1= 8ee8 " O(S) 1= g8 %

(Einstein is not assumed)
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Bulk theory: a probe free scalar field

We have the data of (O); under

H=H+ V), V@) := Jdd—lsé J(t, X)O4(X)

O: scalar primary with scale-dim A

J: small external source

)

®: probe free scalar

with mass
m? = A(A —2)

® ~ r272J+r7%0); <—— Now,Jand (O), are given

r— 00
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Klein-Gordon eq with (£, ®)

Below, A = 2 (m? = 0) for simplicity

In Fourier space
D = e—ia)t+ik9q)( 5)

r—-0

1
X > 28)

2(e) = <w25(§)+k2@(§) _1/¢&

Z(&) = < (D(‘f)> 2(S) = 8558”9 O(F) = 855899
D(¢) Unknown functions

Z(& = 0) must satisfy the retarded B.C.
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~Inverse problem:
Bulk metric from boundary linear response

<O.>J dual

@

¢ ® = 0 with unknown E(&), O(¢)

b | = . Retarded
IR i B.C.
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Machine-learning emergent spacetime
from linear response

1. The forward problem:
Boundary linear response from bulk

2. The inverse problem:
Bulk metric from boundary linear response

3. NN solves the inverse problem

4. Demonstration:
NN reproduces BTZ metric
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Solve with binary classification

Simple version

@

é <
é} — ()jgg) é;,:: ().1
Zrlz fini G
(ot 0.01
Zi(fini)@
Bulk > Bulk Bulk > B.C
layer layer layer layer
> (O
2 (O
Data of the Discretized EOM

linear response
(true and false)

with weight (£, ©)

Ask if output
matches B.C.

with weight p
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Bulk layer

1
L §> 2(8) =: FE&.2(9)
A\

= (X3, XsX| + XXy + Xy, X5, Xg)
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Boundary condition layer

Zl(ﬁini)Q_
Typical behaviorat & ~ 0 Zg@mi)Q_
If BH exists, %= ingoing B.C. 2 Q_
Q.
‘{//M\ ! 2
N\ y &l (&) + pZ2(Er)
- f f f
0\4v°° Q[ e~E o=
S VEZ'E) +pZ2Ep) + e
If not, > = regular B.C.
p=iaw+ b|k|

@1, P ~ K

To be optimized

S O is expected to be small for true data
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Loss function

Loss = — 14, In#(0) — (1 — t4,.,,)In(1 — 1(0))

114t t@kes 0 or 1 according to true or false

1(0) := % |tanh(100(O — 0.1)) — tanh(100(O + 0.1)) + 2]

fc |

éle(ff) + Pzz(ff)

\/ EZUE) + pZHE) + €

-
02

0.6 0.4 0.2 00

0,

From Hashimoto, Sugishita, Tanaka, Tomiya (2018) 25 /34



Solve with binary classification

B.C
layer

Data of the Discretized EOM Ask if output
linear response with weight (£, ©) matches B.C.
(true and false) with weight p
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Runge-Kutta layer

EOM

0 1
Z(8) = < > Z(8) =: F(S, Z(2))

0’ E()+kOG)  —1/¢

E e oy e Vs IS

]
~
78 2%
~—

Euler method

Z(&+ A8 = Z(&) + ALF(E, Z(©)) |

Loe o

Activation

\V]
—_

{Z%

OO
é

Runge-Kutta method

Z(E+ A8 =Z(&) + % |F\ + 2F, + 2F; + F]

Fy=F(¢,Z¢8),  F,=FG+ AL/2Z(S) + F1AS/2)
Fy = F(E+ AEI2Z(E) + FAE2),  Fy= F(E+ AL Z(E) + F3A¢)
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Runge-Kutta layer

Z”(f) Input = (Zn,(f),w27 A%)
Runge-Kutta method
Z,(§)
Z(é:_l_ Af) — Z(é:) Fy Bulk‘l'ayer
A
+— [F1+2F2+2F3+F4] Fy
6 !
Fy Bulk layer
Fo
}7'1 — F(f, Z(g)) F3 Bulk layer
F, = F(&+ AE/2,Z(E) + F{AE[2) P
Fy = F(E + AEI2.Z(E) + FyAE2) -
Fy = F(E + A& Z(E) + FLAE)
F,4

Output = (Z,, (£ + Af), wg’ k?l)
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Solve with binary classification

B.C
layer

Data of the Discretized EOM Ask if output
linear response with weight (£, ©) matches B.C.
(true and false) with weight p
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Machine-learning emergent spacetime
from linear response

1. The forward problem:
Boundary linear response from bulk

2. The inverse problem:
Bulk metric from boundary linear response

3. NN solves the inverse problem

4. Demonstration:
NN reproduces BTZ metric
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The forward problem on BTZ spacetime

BTZ: 3D AdS black hole spacetime (vacuum Einstein solution)

Boundary linear response data computed from the bulk

L1 =L@ = N1 = L (w + k)

(O(w, k)); iLZ — - J(w, k)
P50 = (=7 -(@ = k)

Generate true data from this, and also prepare fake data
(VVjtr]‘l; — 7721== il)
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01 ——
_5 .
__10 "
™=
— —151
_20 i
=95 ] —— = NN
—— = BTZ Blackhole
0.990.89 0.74 0.615 0.49 0.365 0.24 0.1
boundary E horizon
_5 i
_10 H
-
|
— —151
_20 "
e — = NN
—— = BTZ Blackhole

Solving inverse problem by ML

25 1

Before learning

—— © NN
—— © BTZ Blackhole

B.C. layer
0 = 0.50iw — 0.50 | k|

0.74 0.615 0.49 0.365 0.24

3

0.99 0.89

boundary

After learning

0.990.89 0.74 0.615 0.49 0.365 0.24
€

0.1

25
20

@15-

10 -

0.1

horizon

—— O NN

—— © BTZ Blackhole

' 1p = 0.50iw + 0.01 | k]

Horizon emerges!

0.990.89 0.74 0.615 0.49 0.365 0.24
E

0.1
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Machine-learning g, from linear response
<0>J

dual
—ﬂHo/Z

— i[H(?), p]

Physical
B.C.
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®n(§=0.1)

Other graphs

Loss curve
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1.0

0.9 -

0.8 -

®n(&)

0.7 -

0.6 -

0.5 -

Other graphs

Real part of ®,(&)

= RUNQe-Kutta
m— Euler
== = Exact

0.99

0.79

0.59
3

0.39 0.19 0.1
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