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Hero of deep learning: Yann LeCun

Deep learning Is constructing
networks of parameterized
functional modules & training
them from examples using
gradient-based optimization




IR L WA SRR BRAR IR

b; f(z,0) Fig from CS231N, Stanford

Forward pass

input layer
hidden layer 1 hidden layer 2

Linear operation Non-linear activation function h,; = o(z;)
. N (a) Sigmoid (b) ReLU (c) PReLU .
- g E cAfias . § 1 :
EZJ E— fL’z’leJ + bJ E é a(z)=—1+exp(—z) a(z):{ g: ;23 O’(z)={ :;, zzg E
' i=1 L ’

gscaling,rotating,boosting,E f _/
changing dimensions -



FE AR W28 an o] 5 >

1. —7Hin MEMESE 0 Fini AL,

22 o0 45 484 L BB ATL TR0

2. fEAMENEHNTERREE L -

fx,0) HZ

3. FEABEHNHPITERRABT LA

kS

4. fERBEYEEE TREEEE LM

FrE IS5 6

Input x >

Neural network
y=f(x20)

y: Network prediction
y: True label

ﬂ

Loss(cost) function

1
L= NZQ& — y;)?
L

ﬂ

Gradient decent

0o oL
- € o0




RABI TR

—

2,
> =

till, 2017.

Dis

’

tion

liza

"Feature Visua

-

Olah, et al

\

=
\\\\\m\\\

7

M

o 7, o]
22
\\ 0

. \ .v.\\w.\
)
-

7
c/0

Edges (layer conv2d0)

Objects (layers mixeddd & mixedde)

g
<
©

i =
£

o
0
<
2

P €
<

&

Patterns (layer mixedda)

Textures (layer mixed3a)

Deep layers

Shallow layers



AN B HYENTE Z [8) B 37 AR5

Human captions from the training set GOOgle . DeepMind

Image to text

A Cute little Automatically captioned
drawn on a sandy

walking next to a
little on top of a

A large brown next to a
small looking out a window.
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Teddy bears

mixing sparkling chemicals as mad
scientists

as a 1990s Saturday morning cartoon

DALL-E 2 can create original, realistic images and art from a
text description. It can combine concepts, attributes, and

styles.

AETER text2image £ T B : Stable Diffusion



RIEF S RS 8D IE AV o) &R

B0 (3) QGPHREEZMFAEE

8



temperature 7
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=== first order phase transition

quark gluon plasma == crossover .
L
e @
o 4
é? first order =
é? E phase transition
v critical |

energy density

point

hadronic matter

color superconductor

baryon chemical potential B

Crossover

first order

NESMHEE

V”T”" =0

7=04fm 7=19fm 7=37fm 7T=6.7fm

EOSL

n/s=0.08

kN

EOSQ

CLVisc 3+1D relativistic hydrodynamics
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particle 16 32 flattened fc output EOS
spectra features features 128 layer
15x48 15x48 8x24
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| T——]
8x8 conv, 16 7x7x16 conv, 32
dropout(0.2) dropout(0.2) dropout(0.5)
bn, PRelLu bn, avgpool, PReLu bn,sigmoid

1 Y R . 9
1) = N lyilog i + (1 — yi) log(1 — 4:)] + Allflz

i=1 1 1
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fraction of training data

Nature Communications 2018, LG. Pang, K.Zhou, N.Su, H.Petersen, H. Stoecker, XN. Wang. 10



Increasing list of ML for QCD EoS

An equation-of-state-meter of quantum chromodynamics transition from deep learning, Long-Gang Pang, Kai Zhou, Nan Su, Hannah
Petersen, Horst Stécker, Xin-Nian Wang

Identifying the nature of the QCD transition in relativistic collision of heavy nuclei with deep learning, Yi-Lun Du, Kai Zhou, Jan
Steinheimer, Long-Gang Pang, Anton Motornenko, Hong-Shi Zong, Xin-Nian Wang, Horst Stécker

A machine learning study to identify spinodal clumping in high energy nuclear collisions, Jan Steinheimer, LongGang Pang, Kai Zhou,
Volker Koch, Jgrgen Randrup, Horst Stoecker

An equation-of-state-meter for CBM using PointNet, Manjunath Omana Kuttan, Kai Zhou, Jan Steinheimer, Andreas Redelbach, Horst
Stoecker

Classification of Equation of State in Relativistic Heavy-lon Collisions Using Deep Learning, Yu. Kvasiuk, E. Zabrodin, L. Bravina, |. Didur,
M. Frolov

Neural network reconstruction of the dense matter equation of state from neutron star observables. Shriya Soma, Lingxiao Wang, Shuzhe
Shi, Horst Stocker, Kai Zhou

» Learning Langevin dynamics with QCD phase transition, Lingxiao Wang, Lijia Jiang, Kai Zhou

* Machine learning phase transitions of the three-dimensional Ising universality class, Xiaobing Li, Ranran Guo, Kangning Liu, Jia Zhao,
Fen Long, Yu Zhou, Zhiming Li

+ Extensive Studies of the Neutron Star Equation of State from the Deep Learning Inference with the Observational Data Augmentation,
Yuki Fujimoto, Kenji Fukushima, Koichi Murase

* Nuclear liquid-gas phase transition with machine learning, Rui Wang, Yu-Gang Ma, R. Wada, Lie-Wen Chen, Wan-Bing He, Huan-Ling Liu,
Kai-Jia Sun

* Machine learning spectral functions in lattice QCD, S.-Y. Chen, H.-T. Ding, F.-Y. Liu, G. Papp, C.-B. Yang
» Probing criticality with deep learning in relativistic heavy-ion collisions, Yige Huang, Long-Gang Pang, Xiaofeng Luo, Xin-Nian Wang

* Mapping out the thermodynamic stability of a QCD equation of state with a critical point using active learning, D. Mroczek, M. Hjorth-
Jensen, J. Noronha-Hostler, P. Parotto, C. Ratti, and R. Vilalta



Data representation

* Images: histograms

* (px, py) or (pt, phi)
* (pX, py, pz)
* (pt, phi, eta)

* Point cloud: particle list

E Px Py Pz pid

6.84 1.07 4.5 6.83 211

68.92  0.75 0.64 68.91 2212
40.4 0.06 0.54 40 321




Maxwell 1 Spinodal Z£E—[4E3E 5328

Point Cloud of 420 particles "5‘\' 'szé m gﬁ
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QQ
m weights for each filter ¥ 128 new features
Point Cloud Network, repeat 2 times Fully connected layer

1st time m=5, 2nd time m=128

JHEP 12 (2019) 122, J. Steinheimer, L.G. Pang, K. Zhou, V. Koch and J. Randrup
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Dynamical Edge Convolution Network
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Global Max Pooling
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Find its k nearest neighbors in feature space. G CP / JAM

PLB 827(2022) 137001, Y.-G. Huang, L.-G. Pang, X.F. Luo and X.-N. Wang 14
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Phys.Lett.B 822 (2021) 136669, Y.J Wang, F.P. Li, Q.F. Li, H.L. L"u, and K. Zhou
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PHYSICAL REVIEW RESEARCH 2, 043202 (2020)

Rui Wang ®,"2"" Yu-Gang Ma,!?" R. Wada,? Lie-Wen Chen®,* Wan-Bing He,! Huan-Ling Liu,?> and Kai-Jia Sun®>
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-------- Experiment
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Nuclear liquid-gas phase transition with machine learning
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Detecting CME via deep learning

Pion Spectra
20x24 Input

64 Features, 20x24 conv

BN
...... AvgPool
64 Features, 10x12 conv \‘:"‘ g™ :
3x37 FeskyRele
BN
..... AvgPool
64 Features, 5X6 conv o > &
3x3 7 Leaky ReLu - 7
R . :
L kQﬂ{; L l— Flatten
Dense 100, BN ARy Bt

Dropout 0.5 w Gradient ascent to get the most responsive

10 CS CME-spectra that demonstrates what has
— been learned by the machine.

Legend
27 Conv. kernel @ Pooling

@ Activation O Neuron

2105.13761, Y.-S. Zhao, L. Wang, K. Zhou, and X.-G. Huang (2021)



l[dentifying the a-clustering structure

Succeed with 4000-events averag

Fail in EbE

a clusters
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Junjie He, Wan-Bing He, Yu-Gang Ma, Song ZhangPhys. Rev. C 104, 044902 (2021)




Determining nuclear deformation

-0.50,-0.2 -0.50, -0.1 -0.50,0.0 -0.50,0.1 -0.50,0.2
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arXiv:1906.06429, L.-G. Pang, K. Zhou and X.-N. Wang




Stacked U-net for relativistic hydrodynamics

Ed(Initial) Ed(VISH2+1) Ed(sU-net) Vx(VISH2+1) Vx(sU-net) Vy(VISH2+1) Vy(sU-net)
% 6 2 MC-Glauber| | T - 1o=2.0fm/c
L4 ¥ : : UL 0=2. e
Stacked U-net Unet . & t SR ' ' | g [$T
33— 2 b= | e I |
S % 5 e %9 %9y o8 d : ;¢ . - | o e t\“nﬂ
N - $§ %5 o . = .
-t - - tng s IR T3 f2frg - ) C 5 e M S e M) - S BN U
=% D o D & D & D g—=>g 5~ %8 94 98 5. > 22201 220; | TRENTO | ;
© 2 @ a a a ~N gz %0 - gt U . £,=0.173 : > e &
NN 0 0 in n 3 €5 onm s 0§ € £ ; = LY
g g » 0 > O » 0 i £ Lo - -5 g = é T\/\
g s g3 g A 28 3 s
£ 8 g 9 g _s I P !
£
FIG. 1: An illustration of the encode-decode network, stacked U-net, which consists of the input and out layers and four =
residual U-net blocks. The right figure shows the U-net structure, and the depth of the hidden layer is written on the top of =5
them.
The expansion of quark gluon plasma is learned in the image :
. . =5
translation task using stacked UNET.
E
=
10~20 minute _5 edx6. . ﬂ
Y ViSHe+1 with one CPU , g , "MC-KLN
vV, I" =0 R
> lC;J\:rv-/—>c
1~2 second _5
network | with T40 GPU

arXiv: 1801.03334; Phys. Rev. Research 3, 023256, H.Huang, B.Xiao, H.Xiong, Z.Liu, ZWu, Y. Mu and H.Song 20
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(Upc, aqir, W, p) = P(T, ug) — {acceptable, unstable, acausal}.

4 parameters from 3D Ising moddul QCD EoS Lables for classification

Acceptable = Stable + Causal

/N

S
RS,S,nB,XL‘?,(a—T) >0, 0< C% < 1.

2203.13876, D. Mroczek, M. Hjorth-Jensen, J. Noronha-Hostler, P. Parotto, C. Ratti, and R. Vilalta
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Define parameter
o — —— Labeltestset
range of interest
e Evaluate
classifiers on test
set and record

> Training set is
( updated )
Pool set is

T
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2203.13876, D. Mroczek, M. Hjorth-Jensen, J. Noronha-Hostler, P. Parotto, C. Ratti, and R. Vilalta
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In medium heavy quark potential

Schrodinger Eq. Solver

s daedwod

(1D0O—22me

S.Z. Shi, K. Zhou, J.X. Zhao, S. Mukherjee, and P.F. Zhuang Phys. Rev. D 105, 014017
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Tu fully include spin-isospin correlations, we have introduced a generalized back-flow ansatz

d1(z1;x521)  d1(za;{xjz2}) ... d1(za;{z;j24})
: p2(z1;Tjz1)  P2(zo;{zjre}) ... P2(za;{zjzal)
P(X) = det , , :

da(x1;z521) da(xe;{Tjz2}) ... dalxa;{x;zal})

Each of the ¢;(z;; Tx;) must be permutation invariant must be invariant under the exchange of the
order of Tr+;. We have achieved this using the Deep-Sets architecture;

This approach scales polynomially with A and allows us to treat larger nuclei than currently possible
with the GFMC and AFDMC methods;

Nothing prevents from using the ANN ansatz as a trial wave function for AFDMC calculations;

Argonne &

O BNERGY
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DL for jets in HIC

» Probing heavy ion collisions using quark and gluon jet substructure, Yang-Ting Chien, Raghav Kunnawalkam Elayavalli

« Data-driven extraction of the substructure of quark and gluon jets in proton-proton and heavy-ion collisions, Yueyang
Ying, Jasmine Brewer, Yi Chen, Yen-Jie Lee

« Data-driven quark and gluon jet modification in heavy-ion collisions, Jasmine Brewer, Jesse Thaler and Andrew P.
Turner

» Classification of quark and gluon jets in hot QCD medium with deep learning, Yi-Lun Du, Daniel Pablos, Konrad
Tywoniuk

* Deep learning jet modifications in heavy-ion collisions, Yi-Lun Du, Daniel Pablos, Konrad Tywoniuk

« Jet Tomography in Heavy-lon Collisions with Deep Learning, Yi-Lun Du, Daniel Pablos, Konrad Tywoniuk

« The information content of jet quenching and machine learning assisted observable design, Yue Shi Lai, James
Mulligan, Mateusz Ptoskon, Felix Ringer

» Deep Learning for the classification of quenched jets, Liliana Apolinario, Nuno F. Castro, M. Crispim Romé&o, Jose
Guilherme Milhano, Rute Pedro

» Deep learning assisted jet tomography for the study of Mach cones in QGP, Zhong Yang, Yayun He, Wei Chen , Wei-
Yao Ke, Long-Gang Pang and Xin-Nian Wang
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Can Being Underwater Protect You From Bullets?

66 If the bullet is shot from an angle of 30 Degrees, then being underwater in the N e s . - A
kY -\ ~ \\ VN p—
range of 3-5 feet (0.9-1.5 meters) can ensure safety from most guns. = Hbﬁﬁﬁ% uJ'_'\ 5 ]j'_“}“,,z. QG P HTJ- :.I:Jn\ 9& Ae B2
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Path Length dependence
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PLB 627 (2005) 64-70
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Hadron cloud
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isted jet tomography for the study of Mach cones in QGP

Zhong Yang!, Yayun He?3, Wei Chen*, Wei-Yao

7. Long-Gang Pang'® and Xin-Nian Wang!*%P
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p10fr =— / dpadpsdpa(fifa — f3f1) | Mia—a|” (27T)454(Z p') + inelastic

Medium-induced gluon(HT):

jet parton

dN, QCAaq
dzdzkldf ﬂ'k‘4

(2)4(p - u)sinQH

back-reaction
particle holes

Tracked partons: _
Jet shower partons PRI
Thermal recoil partons
Radiated gluons
Negative partons(Back reaction induced by

energy-momentum conservation)
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W. Chen, S.S Cao, T. Luo, L.G Pang,
X.N Wang, PLB 2017 32
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UnrsEEA 155 Diffusion Wake
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The Diffusion Wake

~ 3

—» The diffusion wake exists!

13/10/2009 Barbara Betz H Q M | eeeeeeeeeeeeeeeeeeeeee
Disputationsvortraa - Quark Matter Studies
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HNJEHEK QCD P FE (The 9th HuaDa QCD School)
PSS SN TFWE/SE%WHE (Deep learning for particle and nuclear physics)
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ABSTRACT
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Advances in machine leamning methods provide tools that have broad applicability in scientific research.
These techniques are being applied across the diversity of nuclear physics research topics, leading to
advances that will facilitate scientific discoveries and societal applications. This Colloquium provides a
snapshot of nuclear physics research, which has been transformed by machine learning techniques.
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