The application of deep learning to event-by-event
simulations of relativistic hydrodynamics
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Hot QCD matter (quark gluon plasma) in heavy ion collisions

Fig originally from Steffen A. Bass
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Given the EoS, we can predict the final state particle distribution.

However, the final distribution is also affected by many other
parameters and uncertainties in the initial state, the evolution

and the particlization.
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Deep neural network can make captions for images

Human captions from the training set
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A large brown next to a
small looking out a window.
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Google, DeepMind
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Classitying two phase transition regions

—, Crossover

—— 1st order phase
transition

p(pT7 (I))
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“hello world” example of deep neural network

b, f(x,0) Fig from CS231N, Stanford

9

<
-y, .
ﬁ.? () = cat?
% .4}5‘&‘./ dog/
‘ // \\ . utput layer
input layer

hidden layer 1 hidden layer 2

Linear operation Non-linear activation function h j = O'(Zj)
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Back propagation and gradient decent

network prediction
Y true answer

|

gradient decent | loss function (error)

oL L= (i — )’
_p_ ”—E Ui — Yi)
0 =20 689 |

Human intelligence/artiticial neural network can reduce fitting
error by updating model parameters through back

oropagation and gradient decent.
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Overfitting problem in fully connected network

Fixed data size

surddois Ajreq

Num of parameters or training time

e [raining error: prediction error rates on training data

o Validation error: prediction error rates on new data
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Ways to reduce overfitting

1. Early stopping
2. Increase training dataset by

a. preparing big amount of data.

b. data augmentation (crop, scale, rotate, flip ...).
3. Reduce number of parameters

a. Dropout: randomly discard neurons.

b. Drop connection: randomly discard connections.

c. CNN: locally connected to a small chunk of
neurons in the previous layer.

d. Go deep. S.Liang & R.Srikant, arXiv:1610.04161,

4. Regularization, weight decay ...

LongGang Pang Deep learning the E-B-E relativistic hydrodynamics



Convolution neural network — 1D

Fully
Connected

Locally
Connected

Locally
Connected
+

Share Weights

Convolution

From “Deep Learning” Book.
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CNN architecture for EoS-meter

particle 16 32 flattened fc output EOS
spectra features features 128 layer
15x48 15x48 8x24
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1st order

8x8 conv, 16 7x7x16 conv, 32

dropout(0.2) dropout(0.2) dropout(0.5)
bn, PRelLu bn, avgpool, PRelLu bn,sigmoid
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i=1
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Key idea for this proof-of-principle study

Supervised learning using deep convolution
neural network with big amount of labeled
training data (spectra, EoS type) from event-by-
event relativistic hydrodynamics.
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Big data from the relativistic hydrodynamics on GPU

v, TH =0
where TH = (e + P)utu” — Pg"’ + mH¥
» CLVisc

- A (3+1)D viscous hydrodynamic program to simulate
high energy heavy 1on collisions.

- Parallelized on GPU using OpenCL ~ 60 times speed up.

- g1t clone https://gitlab.com/snowhitiger/Py Visc.git

- LG.Pang, H.Petersen, XN.Wang arXiv:1802.04449

LongGang Pang Deep learning the E-B-E relativistic hydrodynamics


https://gitlab.com/snowhitiger/PyVisc.git
http://arxiv.org/abs/arXiv:1802.04449

The phase structure is encoded in the evolution history

EOSL

CroSSoOver

EOSQ

first order
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EBE distribution of pre-defined observables

black-EOSL, red-EOSQ)
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Correlations between several observables (black-EOSL, red-EOSQ)

The event-by-event
distributions of the traditional
observables fail to distinguish
two different EoS.
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The correlation matrix from the simulated data

.

g- Wi 022 | -0.048  0.032 ik
o)

2 . 0.43

S 0.39 | 0.063

U3

(%)

0.61

<PT>

<pT> (%) (%] V4 (%5 dN/dY
« Confirms various correlations, e.g. (v2, v4), (v2, vb), (v3, vb), (<pt>, dN/dY)...
* Reveals strong correlation between <pt> and v5! (never been found before).

« But those traditional observables and correlations can not classify the 2 different EoS.
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Results: classification accuracies

CLVisc + AMPT

HH

CLVisc + IPGlasma

0.2 0.4 0.6
fraction of training data

0.8

1.0

« 40000 events from

CLVisc+tAMPT model
have been used for
training

- Another 4000 events

from CLVisctAMPT
have been used for testing

18000 events from
another hydrodynamic
model [EBE-VISHNU
and CLVisct+IPGlasma
model have been used for
further testing
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Prediction Difference Analysis

VISUALIZING DEEP NEURAL NETWORK DECISIONS: input x n
PREDICTION DIFFERENCE ANALYSIS )
X
w /
Luisa M Zintgraf'-3, Taco S Cohen', Tameem Adel', Max Welling' -2 £
1University of Amsterdam, 2Canadian Institute of Advanced Research, 3Vrije Universiteit Brussel - X,
{lmzintgraf, tameem.hesham}dgmail.com, {t.s.cohen, m.welling}@uva.nl /
marginal conditional
& i

* Which region in the image is most relevant for classification
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Importance map for testing dataset

0.125 0.08 0.60

(a) GROUP 1, EOSL, n/s=0 (¢) GROUP 1, EOSL, n/s=0.08 (e) GROUP 2, EOSL, n/s=0
0.100

0.06 0.45

0.075
0.04 0.30

0.050

(b) GROUP 1, EOSQ, n/s=0 0'32 0.32 0'16
e > s 0.00 0.00 ” - - 0.00
d P
GROUP 1 GROUP 2
- Experimentalists may look for new Ci2 =< NaNp > — < Np >< Np >
observables/correlation functions that are Na = N(pr =0.3,¢ = £7/2)

sensitive to EoS, inspired by the importance Ny = N(pr =0.8,¢ =)
map given by machine learning. E.g.
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Traditional Machine Learning vs. deep neural network

Prediction Accuracy

obs + Gaussian 46.2% 47 6%
Naive Baves

........................................................................................................................................

obs + Decision Tree 57.5% 64.9%

........................................................................................................................................

obs + Random 62 5% 69 8%

Forest U S,
(0] 05 +_Grad|ent 66.9% 81 99,
Boostind Trees I

obs + linear SVC 75.8% 84.6%

obs + SVC rbf kernel 60.9% 56.7%

........................................................................................................................................

raw + linear SVC 65.2% 84.3%

........................................................................................................................................

pca + linear SVC 46.4% 47 7%
our approach (DCNN) ~95%
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 E0S and phase transition are very important in
astrophysics and heavy ion collisions

* Deep convolution neural network is the state-of-the-art
pattern recognition method in machine learning.

* CLVisc is efficient to provide big amount of training data.

 \We demonstrated that a traceable encoder of the QCD
phase structure survives the dynamical evolution and
exists in the final snapshot of heavy ion collisions, one
can efficiently and exclusively decode these information
from the highly complex output using machine learning.
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Future Challenge 1: hadronic afterburner

Particle production and equilibrium properties within a new hadron transport
approach for heavy-ion collisions

J. Weil', V. Steinberg!, J. Staudenmaier’3, L.G. Pang', D. Oliinychenko!2, J. Mohs'3, M. Kretz*,

T. Kehrenberg! 3, A. Goldschmidt!®, B. Bauchle!, J. Auvinen'%, M. Attems"” and H. Petersen’:3*
1anlgfurt Institute for Advanced Studies, Ruth-Moufang-Strasse 1, 60438 Frankfurt am Main, Germany

* Hadronic cascade might be needed before comparing to exp. data

« SMASH: solves relativistic Boltzmann equations for hadron species i:
puaﬂfi(m7p) T Faagfi(xap) — Cgoll

where Céo ;; 1s the collision term and Fe = —9%U ( x) is the force
experienced by a individual particle and U(x) is the mean field
potential.
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Future Challenge 2: detector efficiency

* [he detectors can only capture ~80% of the final state
hadrons

 Experimental data are corrected with a efficiency factor
» Effect on the classification accuracy

 Might be not important as animal brains are robust to
the resolution and small missing patches of images

* Using detector simulations and apply the same
efficiency correction to the training data
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Future Challenge 3: more realistic EoS

o Lattice QCD fails to provide EoS at finite net baryon
chemical potential because of the fermion sign problem

 How to get first order phase transition EoS for the finite
baryon chemical potential region?

e |t might be possible to prepare millions of different
EoS to get particle spectra, which can be used to train
a deep neural network to fix the EoS parameters at
first order phase transition region using regression.
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Thanks for your attention!
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Beam Energy Scan project to locate the critical end point

From BEST collaboration
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GPU parallelization

(@@ @)@ @)@ @) @@ @@ ®) cuo

(@)@ @) @) @) @)@ @@ @@ ®) cu1
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s~ : processing element

CU : computing unit

""""" . Memory access latency
P '@ Private memory: fast
£ Shared memory: slower
Global Memory Z8NEEE @ Global memory: 100 times

GPU Architecture  sjower than shared memory

LG.Pang, H.Petersen, XN.Wang arXiv:1802.04449
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Gubser Solution for 2nd order viscous hydrodynamics

L=2, n/s=0.2, A,;=—10.0 L=2, n/s=0.2, A,;=—10.0

— CLVisc 10— CLVisc 7=6.0 fm |

-8 —6 -4 -2 0 2 4 §) 8 -8 —6 -4 -2 0 2 4 §) 8
X [fm] X [fm]

+ Gubser solution for 2nd order viscous hydrodynamics, LG.Pang,
Y.Hatta, XN.Wang & BW.Xi1ao Phys.Rev. D91 (2015) no.7, 074027

- Tested with Riemann solution, Bjorken solution and Gubser solution.
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Compare with experiment: charged multiplicity

LG.Pang, H.Petersen, XN.Wang arXiv:1802.04449

Pb+Pb vsny =2.76 TeV

Au+ Au vsyy =200 GeV

AL I AL L L L L L 2000 T T T [ I
1000 | —— CLVisc, Tg, =100 MeV | I
i CLVisc, T, =137 MeV ] X
goo | 1 FHOBOS i 1500 |
0-6 I
_g [heer 1] _g I
3 00 T _ 51000 |
Z. [ Hitsgazandl Z, ’
= 400 - 15-25 i o i
: 5.3 : 500 |
200 - = I
O el [ | N IR | 0
-8 -6 -4 =2 0 2 4 §) 8 —10

n
0-5% . ' 20-30%

- Fitting with most central collisions, works for all the other centralities.

- Dimension reduction ,0(77, pPT, ¢) — ,5(77)

L 1 .
- Where the pseudo-rapidity n = 5 In ;g; i’i
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Compare with experiment: transverse momentum spectra

LG.Pang, H.Petersen, XN.Wang arXiv:1802.04449

10 P~ > - CLVisc, Tg, =137 MeV -

4 Pb+Pb vsyy =2.76 TeV, nt +n~
3 Au+ Au Vsyy =200 GeV, for™ 10 I
3 0 .
10-““I“"I““I““.I““"“‘g 10 F —— CLVisc -
2 —— CLVisc, Tg, =100 MeV | 102 i } ALICE
1
0
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- Dimension reduction r®,pr,¢) — p(pr)
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http://arxiv.org/abs/arXiv:1802.04449

Compare with experiment: Fourier decomposition of azimuthal angle distributions

Pb+Pb syny =2.76 TeV Pb+Pb v/syn =2.76 TeV

. . 0.20 . .
014 0-5% . . 5-10%
. —— CLVisc |  — CLVisc |
0.12 ¢ $ ALICE ] 0.15 ¢ ALICE -
L 010} - ‘ :
B I ] i\%
= 0.08 V3 50,10 | 2
+ i Vo q: :V3
=0.06 - :V4 > V4
0.04 ) Vs 0.05 - Vs
0.02 | [
0.0 05 1.0 15 20 25 0.0 0.5 1.0 1.5 2.0 2.5
pr [GeV] pr [GeV]
Pb+Pb Vsnny =2.76 TeV 030 Pb +Pb vsnx =2.76 TeV
10-20% | - 20-30% |
0.20 + CLVise ) 0.25 - —— CLVisc :
- ¢ ALICE | - ¢ ALICE "
+ 015 L n 020 B 7 2
R e : |
H H i
5 5 0.15 |
(3t (et .
~0.10 - |
> : > 0.10 | V3
0.05 | V4
0.05 | Vs
0.0 0.5 1.0 1.5 2.0 2.5 0.0 0.5 1.0 1.5 2.0 2.5
pr [GeV] pr [GeV]

LG.Pang, H.Petersen, XN.Wang arXiv:1802.04449
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Open Source Libraries

P

Keras CNTK o Flow Keras + TensorFlow in the
H20 DEEPLEARNING4) torch

DSSTNE 2 AzureML present study

DMTK SparK’ paddlePaddle WEKA

Keras is a high level neural network library, written in Python and capable
of running on top of either TensorFlow or Theano.

# Build one fully connected neural network (784->10->10 neurons) 1in Keras, for MNIST

from keras.models import Sequential
from keras.layers import Dense, Activation S OI l-—{ /

model = Sequential()

model.add(Dense(output dim=10, input _dim=784))

model.add (Activation("relu"))

model.add(Dense(output dim=10))

model.add (Activation(“softmax"))
model.compile(loss='categorical crossentropy', optimizer='sgd',
metrics=["'accuracy'])

2017/01/15: Keras becomes a part of Tensorflow.
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Some randomly selected particle spectra
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Traditional Machine Learning vs. deep neural network

* Training and testing data: 15x48 components raw
spectra or 85 pre-defined observables or principle
components in raw spectra from PCA method

* Machine learning Tools:

* (Gaussian Naive Bayes Classifier
» Support Vector Machine Classifier

e Decision Tree Classifier

« Random Forest and Gradient Boosting Trees

LongGang Pang Deep learning the E-B-E relativistic hydrodynamics



Gaussian Naive Bayes Classifier

Bayes Classifier: P(clx) =

d
P
Naive Bayes Classifier:  P(c|x) = () ZP(%\C)

P(X) 1=1
(Gaussian Naive Bayes Classifier: ] )
1 (x’t — :uc,i)z
T;lC) = €Xx
p(&ilc) \/%ac,i P 20?:,7;

 NB: Assume each feature affect classification independently

 GNB: For continuous features, using probability density dist.

LongGang Pang Deep learning the E-B-E relativistic hydrodynamics



Linear Support Vector Machine Classifier

* SVM: Looking for the
widest street that can
separate 2 classes.

 Each data point is a n-
dimensional vector

* The decision boundary Is
one n-1 dimensional hyper

surface.
( )
‘ ana ‘ are support vectors for classification.
L J
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Support Vector Machine with non-linear kernels

C.04

o | eft: dataset with one feature x1, not linearly separable
o Right: define x2 = x1 * x1, now linearly separable

» kernels are easier ways to introduce this non-linearity
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Ensemble Methods (1) Bagging and Stacking

=TREE, BdEES

« Random Forest: each decision tree is a weak classifier, many diverse decision trees +
majority voting = strong classifier whose accuracy is higher than the best classifier in the
ensemble.

« Bagging: many different classifiers + majority voting (‘> 8B M Z£0)

e Stacking: many different classifiers + learning to vote (BIEr]REZ BT/ DA TFH)

Naive Bayes SVM Neural Nets Random Forest

Training Data
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Ensemble Methods (2) Boosting

AMigEE, EREATS

e Boosting: sequentially improve the classifier by paying
more attention to misclassified samples

o Example: AdaBoost, XGBoost (many winners of Kaggle
data science competing)
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Important features from linearSVC

 linearSVC has the best generalization capability for this specific problem.

 |f linearSVC trained with pre-defined observables, the most important features in
descending order are: ‘ptspec-bind’, ' ptspec-bind’, 'pispec-bing’, 'ptspec-
bin7','ptspec-bin6’, 'ptspec-bin1’, 'dndy’, 'ptspec-bin2’,'ptspec-bin3’, 'ptspec-
bin11', 'v2-ptbind’, 'v2-ptbinG’,'v2-ptbind’, 'ptspec-bin9’, 'vb-ptbin12', ‘ptspec-bin10’,
vo-ptbin11’, '‘ptspec-bin12’, 'ptspec-bin0’, 'v2-ptbin7".

e |flinearSVC trained with raw spectra, the important features are the following,

Important features from linear 5VC Hypothesis: The shape of the soft-particle
pt spectra along the out-of-plane direction
might be very important for EoS
classification.

Reason: The expansion along out of plane
is weaker and the effect of first order
phase transition might be stronger.
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