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Introduction
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Convolutional Neural Network has proved to be extremely

Image Classification

J

powerful in Pattern Recognition
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Deepthinkers Group at FIAS

(1) Statistical physics/ lattice configuration analysis
(2) heavy-ion collisions : decode medium property (phase transition)

Crossover (0,1)
?
1st order (1,0)

p(pT7 (I))

(3) hydrodynamic simulation : speed-up

(4) smart-valve: 'hear’ the valve (leakage? Flow status?)




Dualization approach for ¥

configurations - 4 integer-valued variables: k;, k., [,
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Divergence constraint : |V %)= > [ku(n) —ky(n—2)] =0
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Observables : m and

Grand canonical ensemble
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Observables :

i and

Grand canonical ensemble
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Exploring NN ability here

(1) Classification 1: differentiate configs with different interaction
(2) Classification 2: detect phase transition based on config.
(3) Regression: learn physical observables

(4) Generative model : learn to generate new configs
Generate configs with proper distribution



DCNN Architechture - Classification
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DCNN Architechture - Classification 1

Can interaction information be decoded from microscopic
configuration (same sized lattice)?

Train with two ensemble of configs (different \ ) :
10k : = 1.05@\ = 1.0 labeld y = (0,1)
10k : p=0.85@\ = 0.5 labeld y=(1,0)

Test on other chemical potentials with the two couplinas
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DCNN Architechture - Classification 1

Can interaction information be decoded from microscopic
configuration (same sized lattice)?

Train with two ensemble of configs (different ) ) :
p=1.05@\=1.0 labeld y=(0,1)
1 =0.85@\ =0.5 labeld y=(1,0)

Test on other chemical potentials with the two couplings

= perfetly classified with 99.8% accuracy



DCNN Architechture - Classification 2
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DCNN Architechture - Classification 2
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Training set consist only two Testing set consist of

ensembles of configuations at different ensembles of

10k : p =0.91 with label 4y =0 configurations at different

and chemical potential

10k : p=1.05 with label y=1 091 <pu <1.05



Condensation probablllty from DCNN
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Condensation probablllty from DCNN
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Ensemble average cond-probability

Classifier of the phases: (n)=0 and (n)#0
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Ensemble average cond-probability

Classifier of the phases: (n)=0 and (n)#0
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Discard kt information

Is phase transition information also encoded in |
variable ? Yes!
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Try different field component variables

The same transition point
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DCNN Architechture - Regression
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regression for particle density i

Note, for training, only used 1 =091 and p=1.05

1
n = N Va zn: ki(n)
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regression for squared field

Note, for training, only used 1 =091 and p=1.05
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Gnerative Adversarial Network

Training set

Random

Fake image

Discriminator

Real

h -]__{Fake




GAN - generate proper configurations

The divergence condition automatically get learned :

0.5
® raw output
Physical configs I
0.4
can be generated
% 0.3 1
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0.0 T T T T T T
0 500 1000 1500 2000 2500
Training Epochs
V-k(n)= Z[ky(n) —ky,(n—0)] =0



Conditional GAN

make GAN conditional on particle T
density n, [ D \

We train GAN using one esemble
with ¢ = 1.05 labled as well by
n (including n=0.4, 0.5, 0.6, 0.7), (Xrear @ata)) | ( Xygake )

Once trained, in generating stage, \ G /

We specify different n values.
P Y (C @ass)) [ Z (noise))

Conditional GAN
(Mirza & Osindero, 2014)



Conditional GAN

mean value for n and squared field of generated ensemble is
controlled by condition in c-GAN.
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Conditional GAN

mean value for n and squared field of generated ensemble is
controlled by condition in c-GAN.
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(1) Classification 1: NN can identify interaction information

(2) Classification 2: NN can pin down phase transition point

(3) Regression: NN can learn physical observable (non-linear
interpolation)

(4) Generative model : GAN can generate physical configs

For canonical ensemble, GAN can generate
beyond training examples



Thanks!




Dualization approach for ¥

Euclidean continuum action for complex 1+1d scalar field

1/T
geont — / dxlf dxe [(Dy@) (D, ) + m2p*p + A(¢*9p)?] , D, =0, +iud, o
On a lattice with n labels the lattice sites:

sr=73 {(4 +m?)¢ (n)d(n) + Ao (n)o(n)]* = Y [e"72¢ (n)d(n + &) + e 24 (n)g(n — D)) }

n v=1,2

Partition function is defined from path integral:

Z = / & exp (=5 [¢))



Dualization approach for ¥

Flux representation for partition function :

z=> 1] {e“kt(n) W ls(n)] - 6]V - k(n)] - HA[kV(xMV(x)]}

{k, L}t n

©.@

Wls(n)] :/ dr 5 (M1 g=(d+m?)r2—xrd
0

s(n) =) _ [k ()] + [ku (n = D)| + 2(6, (n) + £, (n — )]

v

1
Ak, (), £, (2)] = (0, (1) + ko () D! €, (n)!

Divergence constraint: V.k(n)=) [k(n) -k (n-2)]=0




Observables : m and

Net particle density and squared field expectation

T Olog Z
T Olog Z 2\ _ + 0108
)= 7 W) = Z Gme)
Flux representation for above :
1 1 Wls(n) + 2]
— k 2 _
" N,Na ; () 9] NN ; Wls(n)]




GAN - distribution

Zero-sum game - Nash equilibrium

G* = arg min mgx(—ﬁp (G, D))

Lp = —Esup (a)llog(D(2))] = Eznpz)llog(l — D(G(2)))]
Lo =E.op()llog(l — D(G(2)))]

Pr (5%)
pr(Z) + py(2)

D* (i) =
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