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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
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Machine learning = function approximator

Input: a vector (v,,v,, Vs, ...)
Output: a value f(vq, vy, Vvs3,...)

Network architecture = Function ansatz

2

[ °
. ettt

r ° g °
" L ° °

y * e TR
. i 1 2 o3 4 5 6

°

Perceptron model b T
[Rosenblatt 1958] ’
[Rumelhart, McClelland 1986]

Universal approximation theorem :

Any function can be approximated with more _— ~—_ ‘ @
hidden units [cybenko 1989] [Roux, Bengio 2008]

22

—

“Unit” (circles) : Vector components
Perceptron model

“Weight” (lines) : Linear transformation
to be optimized

“Activation function” (hidden line-end) : VA
f=w®p (W(l)x_) Nonlinear component-wise transf.
o ()=
x) =
B Y 1+e

- Training protocol :

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

Loss function” f _ Z ‘f— Wi(z)(p <W,51)XJ) ’

data 23
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Deep Learning 101
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Activation function
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Deep Learning 101
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\ Q/ | Activation function

Classic activation functions
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2 4 tanh(x)
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Standard Deep Learning

Loss
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_4 _2 ' 2 4 tanh(x)
Input Hidden Layers Output

Zj(iH) = J(Wj(]? . Z;Ei) + bj(i)) ~2000 epoch 19 parameters

tanh[(D ) tanh[(gg) (tanh[(gg) (tanh[(g) . +(E)]) ; (E)] +(E))] + (m)]‘




Standard Deep Learning
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Standard Deep Learning

) Loss
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W(l) pD w@ p@ w® p® w® p®

Input Hidden Layers Output

D = J(Wj(l? : Z,gi) + bj(i)) ~2000 epoch 19 parameters

tanh[(m 1) tanh[(gg) (tanh[(gg) (tanh[(g) z +(E)]) ; (E)] +(E))] " (m)]‘

) ( -1.96854 ) ( 0.320358 )(—0.442947) (1.33224)

1.55725 -2.14132 -1.21558 -0.693247 0.317991
) ( ] ( -0.020086 -0.614063 0.854547

(0.878421 6'21182)[—2.49736 ~1.0517 )| 2.86862 3.01908 0.521212
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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

Loss

—— 1f@) ~ frue(@)]

w(l) O W@ @ w® pe @ p®

Input Hidden Layers Output

(i+1) _ @ . @) (i) _~
Z = G(ij z, + bj ) 2000 epoch

- net = NetChain[{LinearLayer[2], Tanh, LinearLayer[2], Tanh, LinearLayer[2], Tanh, LinearLayer[]}]

solutions = NetTrain[net, data, <|"Property" » Function[#Net[Range[0, 2 7, ©6.2]]], "Form" -» "List",

— Xz

"Interval" -» Quantity[30, "Rounds"]|>, (xLearningRate-0.001,x)TimeGoal -» 600];
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Standard Deep Learning
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(O AA
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A O\
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(1) (1) (2) 2 3 3 4 4
w b we p@  w® 3 @ p® ~800 epoch

(+1) — @, 0 )
Z a(ij g+ bj )

Input Hidden Layers Output




Standard Deep Learning

\ |
WG

SN VAT Loss
z \"W‘*ﬁg‘& @) — V@ ~ firue (@)
SO AR

/2
V4

(i+1) _ @) . () 4 70
Z a(ij g+ bj )

1 1 2 2 3 3 4 4
W) O w®  p@ w® p® @ by ~800 epoch
Input Hidden Layers Output 71 parameters
0.155467 -0.421564
0.503477 -0.664526 0.584066 0.331801 -0.29404 -0.586447 0.820878 1.04534
Show[{ -0.19021 0.768171 0.208755 0.465765 -1.21082 -0.63667 1.73886 -0.53486
-0.573821 |’ 1.02467 > 10.918991 0.328462 -1.08441 0.474161 -0.0382366 -0.502777 |’
0.238013 -1.01427 0.600695 -0.32061 -0.914458 0.73871 0.124301 0.402687
0.93589 -0.94677
0.172725 0.308126 -1.0333 1.21593 1.62945 0.621626
0.0946543 -0.217696 0.696293 -0.338222 -2.68779 -0.192633
0 6526899 , | ©.0759481 -0.664867 0.86521 1.7725 s 0.402367 |,
d 201293 0.445185 0.0762033 -1.15522 -2.01414 -0.14795
) -0.595479 0.916218 -0.400813 -2.12668 -0.331163

(0.903621 -2.09077 1.97153 -1.85892 -1.05424), (0.319326)}]
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Machine learning = function approximator

Input: a vector (v,,v,, Vs, ...)
Output: a value f(vq, vy, Vvs3,...)

Network architecture = Function ansatz
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Standard Deep Learning
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Standard Deep Learning
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Chinese Physics C  Vol. 45, No. 7 (2021) 073111

AdS/Deep-Learning made easy: simple examples®

1,2,#] -

Mugeon Songl’#Jr Maverick S. H. Oh

leangju Institute of Science and Technology (GIST), Department of Physics and Photon Science, Gwangju, South Korea
2University 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 is 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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Deep Learning for ODE: classical mechanics

Xi, Vi 'C”>

Machine learning = function approximator

Input: a vector (v, ,v,, Vs, ...)
Output: avalue f(vq, Vv,, vs,...)

Network architecture = Function ansatz

o®

Perceptron model

[Rosenblatt 1958]
[Rumelhart, McClelland 1986]

mv =mg — F(x)
F(x) X=v

Vs 00000 Universal approximation theorem :
Any function can be approximated with more
hidden units [Cybenko 1989] [Roux, Bengio 2008]

22
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Deep Learning for ODE: classical mechanics

xil vi il

I 0.50
2y
I 1l .
ol 0.25
0.00 A
—0.25 1
| R el
mv = mg — F(x) R =0.50
F(x) X=v ~0.75 1 s
o — epoch=0
epoch=20
—1.251 — epoch=500
-1.50 - r . - . . .
00 25 50 75 100 125 150 17.5 20.0
X
v IH ’H il ‘H il . . .
[ 00000 1. (Data) 3. (Numerical ODE solving) 5. (Loss) 4. (Solution)

(v,x) ——> mv=mg—F(x) —> L=avg(|vy—Vf| ) «— V4
X=v

1 o
F(X) = D(x; W, bn) < aI/Vn ’ abn
2. (Deep neural network) 6. (Parameters optimizing)
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Generalization



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

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

E(2)g"(2)+F(2)g'(2)+G(2)g(z) = H(2)f ()

(=27 & T T a-arm \a-arm 12\
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Linear response

One-point function '

5S[p©]
56O

\

GKP-Witten Relation
Zgauge = ZAdS

. 0 : o — 0 COFO”CII‘)’ ' “boundary” “bulk”
<6Xp (l/(b( )0)> = e’§[¢|"—0 ¢ ]. (asymptotically AdS)

J

° o, 0 ° / bulk fieldq)
On-shell action ~ partition function “source” ¢ © /

Variation of the On-shell action
~ One point function

(0>S —

>

VE—
/O r =1 horizon

Linear response theory: 2nd order ODE 0A,(r,w) = —+ Jp(w)r+---

Source Expectation value



HOLOGRAPHIC CONDUCTIVITY*

DAviD TONG
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Fig. 5. Holographic optical conductivity.
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Background |

Flucutation
EOM |

Flucutation

EOM II

0gir = € — 0A, = e_i‘*’tax(z) , 0X1=e

1 1y
S= /d4a:\/—_g (R +6— JFupF™ = 2 Z(axl)z)
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1 1 ab 1 2 2 c 1 2
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AdS /Deep learning: optical conductivity

1 dz2

2
Serp | S:/d4x\/jq <R+6_1FabFab_lZ(aXI)2> d32=§ [—f(z)dt2+f(z) +d$2+dy2 ,

1 21

A=pu(l-2)dt, Xi=azx, Xo=ay

What is the bulk metric giving the conductivity at boundary
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Harder problem
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Towards holographic strange model

= I'>(1V > hep-th > arXiv:2502.10245

High Energy Physics - Theory
[Submitted on 14 Feb 2025]

Deep learning-based holography for T-linear resistivity

Byoungjoon Ahn, Hyun-Sik Jeong, Chang-Woo Ji, Keun-Young Kim, Kwan Yun



Some universal properties in CMT
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Some universal properties in CMT

Cuprate phase diagram

G

© DC resistivity [p ~ T

| / 500 Lt — g e
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Some universal properties in CMT

pox T pxT :Extended otOn x T? Modified Kohler’s H-linear MR Quadrature
as T— od as T— Ofcriticality § (at low H) § (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—Ce;CuOg4 x [30] x [33] v [34] x [34]
SroRuOg4 v [35] x [36] x [36] x [36]
SI’3RU207 v [10] - - -
FeSe;_ S x [39] § v [41] v * [42] v * [42]
BaFes(As1-zPz)2 x [43] § v [45] v’ [46] v [46]
Ba(Fe1/3Col/3Ni1/3)2A52 - " - v [47] v [47]
YbRh,Si, X [48] - - -
YbBAl, x [62] - - -
CeColns x [53] § v [53] - -
CeRheGes X [55] , - - -
(TMTSF).PFg - / - - -
MATBG v [57] § - - -
pxT | pxT o xw %%  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 ! 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]

5=/dp+lwfg

p—1
R— %a& - iZ(¢)F2 +V(g) - %Y(gb) ;azpf] | »  Many variations

Z(g)~ e, V(g)~Voe™?, Y (g) ~ e

d¢? n L*dr? n dz?
r2z L p2f(r) o2 |

260

ds® = re-1 [—f(r) A=Qr*dt, ¢=klnr




ML Example: Holographic model

EMD(Einstein Maxwell Dilaton) model

S — /dea:\/jg
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ML Example: Holographic model

EMD(Einstein Maxwell Dilaton) model
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ds* = re1 [—f(r) A=Qr**dt, ¢=klnr

Something else
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Towards holographic strange model

EMD(Einstein Maxwell Dilaton) model
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Deep Learning for ODE: classical mechanics

physics informed neural networks

1. (Data) 3. (Loss)
(vi, V/)) — L =avg(leom(D)]) + lv(ty) — vl + |v(tr) — vy
+ |x' (&) —v(@)| + |x(t;) — x;| + |xf]

eom(t) = mv'(t) — (mg — F(x(t))) =0

oL oL
ow,’ b,

F(x) = D3(x; Wy, by)

x(t) = Dy (t; W, b,,) 4. (Parameters optimizing)
oo w(® = Dyt Wy, by) oL oL oL oL

" 2. (Deep neural networks) OWn"0by, " 8W, " 0by
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Towards holographic strange model

(Zr T)n

1OV 4 _
Loss=—z ( Z |EOM;((z,T),) | +
N £un= i=1

Ansatz

P
DNN; f(z,T)
DNN, h(z,T)
DNN, A(z,T)
DNN, & (z,T)

- Loss BN

EOMs

DNN;

DNN,

-
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V(g) —

Conditions
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Towards holographic strange model
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Towards holographic strange model
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Towards holographic strange model

EMD(Einstein Maxwell Dilaton) model
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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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