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What is Machine Learning / Deep Learning?

Artificial Intelligence (Al)

Machine Learning (ML)

Deep Learning (DL)

Al : the broadest term, applying to any technique that enables computers to
mimic human intelligence.

ML: A subset of Al aiming at optimizing a performance criterion using example
data or past experience, but without explicit instruction.

DL: A subset of ML aiming at understanding high-level representations of data
using a deeper structure of multiple processing layers



-Image identification
-Image style transition
-Image generation
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Categories:

-Supervised learning
_Unsupervised |earning lan Goodfellow, Yoshua Bengio, and

] ] Aaron Courville,
-Reinforcement learning
org MIT Press, 2016


http://www.deeplearningbook/

-ldentify cats and dogs

training testing

"dog"

self-learning well-trained

Supervised learning:

Training on a dataset contains many features and associated with a
label or target.




-Classify cats and dogs

self-learning ) classify

Unsupervised learning
-experience a dataset contains many features but without labels, and
learn useful properties of the structure of this dataset.



Deep Neural Network

input hidden layer output
Neuron
X4 Linear operation Non-linear activation function
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Deep Neural network
-Loss function, back propagation & gradient decent

gradient decent

oL
9 9—5%

-Deep neural network can reduce fitting error by updating model
parameters through back propagation and gradient decent.



Applications of Machine Learning in Physics
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Why Machine Learning in Physics?
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Science:

Learning systems can see patterns and
spot anomalies in data sets far larger
and messier than human beings can

cope with.”

Deep Learning

TRANSFORMS
. SCIENCE
o e Can “Black-box” models learn patterns

and models solely from data without
relying on scientific knowledge?




Searching for Exotic Partlcles in High-Energy Physics

Higgs benchmark

Deep learning can improve the power
%}Hj o ’ S = for the collider search of exotic particles
& < B RN S DP.Baldi,P.Sadowski,& D.Whiteson Nature
DR ST N Commun.5, 4308 (2014)
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Fully connected Softmax

For the case of Ising layer (64)

gauge theory
- Z
H T J Zp H-iEp g =2 I
J. Carrasquilla and R G. Melko, s ey D S o

Nature Physics 13, 431-434 (2017)

Identlfy QCD Phase Transition with Deep Learning

DNN efficiently decode the EOS
information from the complex final
particle info event by event

LG. Pang, K.Zhou, N.Su, H.Petersen, H.

color superconductor Stoecker, XN. Wang. Nature Commun.9
(2018) no.1, 210

i
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ldentify QCD Phase Transition with Deep Learning
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Motivation:

-Traditionally, the properties of the QCD matter are
extracted from the event averaged observables

-Can deep learning identify different EoS from the
raw data of heavy ion collisions?

LG. Pang, K.Zhou, N.Su, H.Petersen, H. Stoecker, XN.
(1) i R (I)) Wang. Nature Commun.9 (2018) no.1, 210




ldentify QCD Phase Transition with Deep Learning

A) Generating training/testing data:

-Run Hydro with EOS L and EOS Q

-particle spectra - image (15*48 pixels)
dN; o -

dYprdprde :gi,/ ,,p douf .

plpr,d) =

B) Training CNN

Table 1 The training data set Hyd ro CLVis (AM PT)

Training data set n/s=0 /s =0.08
EOSL EOSQ EOSL EOSQ
Au-Au /syy = 200 GeV 7435 5328 500 500
Pb-Pb /syy = 2.76 TeV 4967 2828 500 500
Particle 16 32 Flattened fc  Output EOS
spectra features features 128 layer

15x48 15x48 8x24

Crossover

1st order

8x8 conv, 16 7x7x16 conv, 32
dropout(0.2) dropout(0.2)
bn, PReLu bn, avgpool, PRelLu

Dropout(0.5)
bn, sigmoid

C) testing the trained net work

10 CLVisc + AMPT
=
g 09 rfIEBE-VISHNU
% 0.8
c
.% 07 LVisc + IPGlasma
E
o 0.6

0.5

04

0.0 0.2 0.4 0.6 0.8 1.0

Fraction of training data

One can efficiently decode the
EOS information from the complex
final particle info event by event
using deep learning

LG. Pang, K.Zhou, N.Su, H.Petersen, H.
Stoecker, XN. Wang. Nature Commun.9
(2018) no.1, 210



Higgs signal or background?
P.Baldi,et al,Nature Commun.(2014)

High temperature or low
temperature phase?

Carrasquilla & Melko. Nature
Physics (2017)

EoS L or EOSQ ?
Pang,et al Nature Commun.(2018)




| Image generation

Of55% =0 -
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S et ISR BEI2038FE T TMIET

For hydrodynamics can we use deep learning to learn/predict the pattern
transformation between initial and final profiles?

Initial energy density profiles
-------- > final energy density velocity profiles

For the non-linear hydro system, can the black-box network could learn pattern
transformations solely from data without relying on scientific knowledge?
( conservation laws)



Applications of deep learning
to relativistic hydrodynamics

H.Huang, B.Xiao, H.Xiong, Z.Wu, Y. Mu and H.Song arXiv:
1801.03334; NPA2019



Deep Learning

training
:: _P‘.",E ; :
r _-,._
self Iearnlng well-trained

-Such deep learning systems do not need to be programmed with the hydro
equation 9,T*(x)=0 Instead, they learn on their own



Deep Learning

Step1 ) Generate the training/testing data sets from hydro

EEEEEEEE )

Step?2 ) Design & train the deep neural network

Y/ I The Training Data Sets I
O - {Y© hydro MC-GI
A VISHZ+1 10000

Step3 ) Test the deep neural network

-
.
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n
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c

The Testing Data Sets

10000 10000

10000 10000



Stacked U-net for 2+1-d hydro

Stacked U-net

input: 261x261x1
conv: 259x259x16

U-net
Y
Y
U-net

res: 259x259x16

Y
U-net
Y

Y
U-net
4

res: 259x259x16

LeakyRelu

LeakyRelu

Y
.

LeakyRelu

LeakyRelu

res: 259x259x16
res: 259x259x16
deconv: 261x261x1

The activation function:
Leaky ReLU f(x) = max{x,0.03z}

The loss function:

normalized MAE loss Loss = %

H.Huang, B.Xiao, H.Xiong, ZWu, Y.
Mu and H.Song arXiv: 1801.03334,
NPA 2018



Training / Testing data sets from 2+1-d hydro

T — T — T p+TTT _ —
" .+ (UmT )x + (UyT ) - = — - (pvg;),;c - (pUy),y
T'TZC
T7 4 (5,17 (0,177 = b~
Ty
TTy,T T (ﬁwTTy),fc T (@yTTy),y = Py — T

Initial conditions: MC-Glauber, MC-KLN, AMPT, Trento EoS: p=e/3,

hydro evolution time: 7 —7 = 2.0, 4.0, 6.0 fm/c

|The Training Data Sets |
2+1-d hydro MC-Glauber
VISHZ+1 10000 events

The Testing Data Sets

2+1-d hydro MC-Glauber AMPT

Wil 10000 events 10000 events ~ 10000 events 10000 events

H.Huang, B.Xiao, H.Xiong, Z.Wu, Y. Mu and H.Song arXiv: 1801.03334 NPA2018




sU-net

6.0fm/c

vy

VISH2+1

VX
sU-net

Ed
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Ed
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sUnet prediction vs. hydro simulations

Eccentricity distributions:

Glauber

TRENTO

Glauber

AMPT

Glauber

KLN

T-Tp=2.0fm/c

T-Tp=2.0fm/c

T-Tp=4.0fm/c

T-Tp=4.0fm/c

h T-To=6.0fm/c

T-Tp=6.0fm/c

(@5)|1 h.

initial
— final(VISH2+1)
=== final(sU-net)
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En€ — 2
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Simulation time: sUnet vs. hydro

10~20 minute

VISHZ+1 with one CPU
network 1~2 second

] with P40 GPU

With the well trained network, the
final state profiles can be quickly
generated from the initial profiles.
(5-10 times faster for GPU based
calculations)



Principal Component Analysis for Flow

Z. Liu, W. Zhao, and H. Song, arXiv: 1903.09833

ATLAS 30-40%, EP

NAMoW: Teyitch = 0.4 fmic
wide: Tgyiten = 0.2 fmic

-

pr [GeV]
dN 1 dN

E = 1+ 2v ‘b)cos(p) +2v b)cos(2
0 2 dyp.gp. L1+ 24P D)C0s(9) + 2v;(pr.b)cos(2p)
+2v,(p;, b) cos(3p)

...... ] -flow definition from human being

-- Can Machine Learning directly discover flow harmonics
from complex data sets?



What is Principal Component Analysis (PCA)

-a statistical procedure that uses an orthogonal transformation to convert
a set of observations into a set of values of linearly uncorrelated variables
called principal components.

PCA for FACE analysis

Data sets: many many faces

d D

Ve .

b
1
-

+ WU WU HWaUs W, U+ ...


https://en.wikipedia.org/wiki/Orthogonal_transformation
https://en.wikipedia.org/wiki/Correlation_and_dependence

PCA for FACE analysis

Data sets: many many faces top elgenvectors HE LB, b .

PCA

Can PCA (machlne) dlrectly |dent|fy the different configurations
behind the massive heavy ion data?



PCA for FACE analysis

Data sets: manv manv faces

PCA for flow analysis —basic idea

: : top eigenvectors:61,62,6s ...
Data sets: 1000 eve particle distr. P €19 61,62,63

p

-

i




PCA for flow analy_5|s —_ba5|c idea {op eigenVectors:e1.cs.cs .
Data sets: 1000 eve particle distr.

pcA ¥ \/\/AM\/V
=
i

With PCA, particle distributions in each events also decomposed into
superpositions of eigenmodes

- B AT

|2 + X1 Z1+X2 Z2+X 3 Z3+ ......

In the next few slides, I will SHOW
-PCA define its own flow harmonics (eigenmodes)
-PCA could analyze flow with event average/ event-by-event



PCA for flow analysis —results(l)

eve nts
1

2

n

0.023

0.022 1
©- 0.021"
E 0.0201

o 00194
0.018

0.017 4

The eigenvector (PCA) is
similar to the Fourier ones

dN

1
(l)

2 ... m
(1) (1)

[ 1)

‘T

RCE jzz>]\

\of

do

from a single events _

3 2

dyd¢p

dy

-1 0 1 2 3

¢

(1+ v, cosp +

Vy €0S2¢ + v3 cos3¢p ... ... )

Components

1 f
1 ('TEI) (l)
T4

components
|

components
components

components
components

; : : ; ; ;
Z. Liu, W. Zhao, and H. Song, arXiv: 1903.09833



-PCA gives the event averaged

Event averaged v, vy,

_ ; flow harmonics v;,, v5, v ... ...
174 """ rom PCA and the event-by-event v,, v;,
owrs | *V2 Vjoeen vnn Results of elliptic and
v, triangular flow are similar to the
ones from traditional Fourier
§ o100 transform, but show deviations
Va for higher order flow harmonics
v with n > 4
0.025 1 ¢ 6
N Tteceeceee Z. Liu, W. Zhao, and H. Song, arXiv:
1 2 3 4 5 & 7 8 9 lﬂnll 1z ’13 14 15 16 17 18 19 20 1903.09833
Event-by-event v,, (PCA) vs. v,, (Fourier)
v, XL vy X2 Vg X4 Vs. : % 10 :
0.11 ¢ e |
s
:::é -&if::'h 5:.-"
s e _;.f,‘.;; i ;
B
0 | /*'-"".»1 el B -
B 0.1 0.0 0.1
LY \ 4




v,, (PCA) vs. v, (Fourier)

V5
0.1
08
Symmetric Cumulants Pearson Coefficients
25 U
201 . scv2,3) x10" | 9pf ¢ SC24) s T(vg, &) s r(va, €q)
104 ¢ 5C(2,3) sl oS24 o 1(vy &) o r(v}, €)
01- - 10 1.01
-101 51 0.5 m
~201 R 4= { 0.0 --t=-temmmmm et
1.0 1.2 0
' [ A . A rev ,E
oSO L SC35) (s, 22) (Vs &)
o rivs, &) o (Vs €)
051 * SC'3.4 0.8{ ¢+ SC'3,5)
| 1.0
0.01 - 0.44 0.5
0.0] —b=tmt iy e
-05
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v,, (PCA) vs. v, (Fourier)

V"z x1 -F"/ .
0.1
0.8 o1 0.0
Va2
Traditional Fourier Transform Pearson Coefficients
-Strong mode couplings Lt . T ivetd)
between v, and v, o r(vjg) o« r(vy )
-interoperated as highly non- 1.0
linear hydro evolution that 0.5
mix v, and &5 0.01 Atepetg 3
~0.5
M i r [V5. Ez) A r (V5, Eq:l
-Reduce the correlations o rlvsg) o r(vh, Eq)
between v, and &, 1.01
-increase correlations 0.5
between v, and g, 0.0{ A=ttt
Z. Liu, W. Zhao, and H. Song, arXiv: ~0->75710 20 30 40 50 600 10 20 30 40 50 60

1903.09833 Centrality% Centrality%



Summary & outlook



Deep Learning (sUnet) _

™ .
g o =a ? P oY
F, o E -y ",
R no 2 '\__J/
= -

p— D ." - .—\': e p— ), r .-.
p— — — a -
. . . -~ ‘}‘ii
H - - . Lo

self-learning well-trained

Outlook

Final particle profiles
-------- > Initial energy density profiles

Can deep learning discover knowledge (conservation laws) from the massive
data generated from hydrodynamics?



Flow: traditional Fourier Transform ™ : .
v.14 - dN (1 -|;ng - ¢+ L = 3 1
0.12 V3 -_ V4 COS é« 0.1
01 z‘: N dyd¢ dy L 0.01
L, ems| Vv, cOS2¢ + v3 coqub ) .
> 006 7 3 .
0.04 | B ] S
D02 | At o oS : - i 5 1
0 —— e a— - - - § 0.1
¢ " = = = S - il oot ) 05 1 15 2 25 3
Unsupervised Learning (PCA) Ty N
It independently discovered the flow harmonics ==
without explicit instructions from human being! ™|
5 01001
=L e _
":"é 0.1 ‘é 017 u o 0.050 .V!l 1
g- "] % " é 00 0025 - Se. o8
I : S B
72'2_ - - - i . . 3 J :'.2 . . . 2 1 2 3 45 6 7 8 9 l[Jnll 1213 14 15 16 17 18 19 20

Outlook

Can PCA detect modes or structures from the massive
data that is not realized or easily defined by human being?




