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Emergent	geometry?�

Emergence	of	AdS	radial	direceon?		

0-1�

Bulk	reconstruceon	and	locality.	

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

Emergence	of	smooth	neural	network	space?�

[Heemskerk,	Penedones,	Polchinski,	Sully	09]	
Entanglement	entropy	reconstruceon.	

Opemizaeon	of	boundary	path	integral.	

Renormalizaeon	and	effeceve	LG	theory.	
[Ki-Seok	Kim,	Chanyong	Park	16]	

[Caputa,Kundu,Miyaji,Takayanagi,Watanabe	17]	

Staesecal	neural	network.	 [Amari	et	al.]	

AdS/MERA.		[Swingle	12]	
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	AdS/CFT:	quantum	response	from	geometry	�

	Deep	learning:	op?mized	sequen?al	map�

From	AdS	to	DL�
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1.  Formulaeon	of	AdS/DL�
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		AdS/CFT:	quantum	response	from	geometry	�

Classical	scalar	field	theory	in	(d+1)	dim.	geometry�

S =
�

dd+1x
�
�det g

�
(���)2 � V (�)

�

f � �2, g � const.
f � g � exp[2�/L]AdS	boundary	(														)	:�� � �

Black	hole	horizon	(												)	:�� � 0

ds2 = �f(�)dt2 + d�2 + g(�)(dx2
1 + · · · + dx2

d�1)

Solve	EoM,	get	response											.		Boundary	condieons:�
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review�

[Klebanov,	Wipen]�



Deep	learning	:	op?mized	sequen?al	map�

F = fix
(N)
i

Layer	1� Layer	2� Layer	N�

“Weights”	(variable	linear	map)�

�(x)
“Acevaeon	funceon”	(fixed	nonlinear	fn.)�

1)  Prepare	many	sets																					:	input	+	output	
2)  Train	the	network	(adjust									)	by	lowering	
							“Loss	funceon”�
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From	AdS	to	DL�

Discreezaeon,	Hamilton	form�

�(� + ��) = �(�) + ��

�
h(�)�(�)� �V (�(�))

��(�)

��(� + ��) = �(�) + �� �(�)

Neural-Network	representaeon�
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Dic?onary	of	AdS/DL	correspondence	�

AdS/CFT� Deep	learning�
Emergent	space� Depth	of	layers�
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Demonstra?on	of	holographic	modeling�2-1�

Deeply	learning	QCD�2-2�

2.			Deeply	learning	QCD�

1)  Use	a	QCD	data.	
2)  Let	the	network	learn	the	metric.	
3)  Calculate	other	physical	quaneees.	
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[RBC-Bielefeld	collaboraeon,	2008]	
(Courtesy	of	W.Unger)	

Labce	QCD	data:	
chiral	condensate	
VS	quark	mass�

Q	Qbar	poteneal�

[T.Ishikawa	et	al.,	2008,	
CPPACS	+	JLQCD	collaboraeon]	
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Deeply	learning	QCD�2-2�
1)  Use	a	QCD	data.	
2)  Let	the	network	learn	the	metric.	
3)  Calculate	other	physical	quaneees.	
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Deeply	learning	QCD�2-2�
1)  Use	a	QCD	data.	
2)  Let	the	network	learn	the	metric.	
3)  Calculate	other	physical	quaneees.	

Chiral	condensate	VS	quark	mass.�

Pick	up	
	

β=3.33	
data�

	β=3.30	ó	T=196[MeV]	
[RBC-Bielefeld	collaboraeon,	2008]	

(Courtesy	of	W.Unger)	

Posieve	data	
Negaeve	data�
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Deeply	learning	QCD�2-2�
1)  Use	a	QCD	data.	
2)  Let	the	network	learn	the	metric.	
3)  Calculate	other	physical	quaneees.	

Map	it	to	asymptoec	scalar	configuraeon.	�[Klebanov,	Wipen]	
[DaRold,Pomarol][Karch,Katz,Son,Stephanov]	[Cherman,Cohen,Werbos]�

� =
�

Nc

4�
mqe

�� +
�

2
�

Nc
�q̄q�e�3� � �

2

��
Nc

4�
mq

�3

�e�3�

•  Conformal	dimension	of									is	3.	
•  Sub-leading	contribueon,	present.	
•  Everything	measured	in	unit	of	AdS	radius.	

�q̄q�
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Deeply	learning	QCD�2-2�
1)  Use	a	QCD	data.	
2)  Let	the	network	learn	the	metric.	
3)  Calculate	other	physical	quaneees.	

�(� = 0)

Unspecified	metric									,	
coupling							(to	be	trained)�

�input

�input

Klebanov-Wipen	
decomposieon	

mq

�q̄q�

h(�)
�

horizon�
asymptoec	

AdS�
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Deeply	learning	QCD�2-2�
1)  Use	a	QCD	data.	
2)  Let	the	network	learn	the	metric.	
3)  Calculate	other	physical	quaneees.	

�(� = 0)

�input

�input

mq

�q̄q�

QCD	labce	data�
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Deeply	learning	QCD�2-2�
1)  Use	a	QCD	data.	
2)  Let	the	network	learn	the	metric.	
3)  Calculate	other	physical	quaneees.	

Learned	value	of	(AdS	radius)-1	:	1/L	=	237(3)[MeV]	
																															bulk	coupling	:		λ/L	=	0.0127(6)		�
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Deeply	learning	QCD�2-2�
1)  Use	a	QCD	data.	
2)  Let	the	network	learn	the	metric.	
3)  Calculate	other	physical	quaneees.	

Q	Qbar	poteneal�Learned	metric�

Procedures	
based	on		

[Maldacena]	
[Rey,Theisen,Yee]�

f(�)g(�)3

�



Deeply	learning	QCD�2-2�
1)  Use	a	QCD	data.	
2)  Let	the	network	learn	the	metric.	
3)  Calculate	other	physical	quaneees.	

Q	Qbar	poteneal�

[T.Ishikawa	et	al.,	2008,	
CPPACS	+	JLQCD	collaboraeon]	

[Petreczky,	2010]	
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	β=3.30	ó	T=196[MeV]	
[RBC-Bielefeld	collaboraeon,	2008]	

(Courtesy	of	W.Unger)	

Labce	QCD	data:	
chiral	condensate	
VS	quark	mass�

Q	Qbar	poteneal�

[T.Ishikawa	et	al.,	2008,	
CPPACS	+	JLQCD	collaboraeon]	
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Machines	learn…,		what	do	we	learn?�Q�
-  Physics	message	:	
							Emergent	metric	has	a	bump.	
							à	No	chiral	symmetry	breaking	while	“confinement”	
	
-  Toward	a	quantum	gravity	:		
								Finite	Nc,	finite	coupling			
								à	Need	of	path	integral	of	many	emergent	metrics	
	

Emergent	metric	
-with	regularizaeon�

-without	regularizaeon�



Deep	Learning�

Black	
hole	CFT	 AdS	

AdS/CFT	

“cat”�

[Maldacena	‘97]�


