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Hadron Spectral functions and Correlators

Hadron spectral functions:Carry all information about hadrons

1. Quarkonia dissociation temperature

2. Heavy Quark diffusion coefficient
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reconstructing ( ):inverse problem

Methods available in the literatures:

1. Maximum Entropy Method (MEM)

2. New Bayesian Method (improved MEM)
3. Stochastic Approaches

4. ..



Variational A“tOEHCOder (VAE) [C.Doersch, arXiv:1606.05908]

VAE:

Our Goal:

Cl):

sampling

|

()

Genarative process

( ):Normal distirbution

Natural tool to tackle the inverse problem.

1. find certain constraints on latent space Z.
2. build a modified VAE (mVAE) network.



Loss function
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Loss function
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Topology of Network: Training

/ Reconstruction term
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Minimizing

1. make from Encoder2 close to those
obtained from the ground truth value

2. maximize the probablility of given
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Tralnlng samples
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Topology of Network: Reconstruction
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Final output spectral function:
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Continuum and single peak mock data( =96)
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Single peak plus continuum mock data(

A

= 96)
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NRQCD motivated mock data
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Hadron spectral functions from lattice data
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Hadron spectral functions from lattice data
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Summary

» To extract spectral functions p, we designed a neural network (NN) based
on the Variational autoEncoder and Bayes’ theorem including an entropy
term with pg included

* |n the training process, we use a general p made of Gaussian peaks

* |n the mock data tests, we found that results from the NN are comparable
to those from the MEM

* QOutput spectral functions from both the NN and MEM suggest the thermal
modification of from 0.75 Tc to 1.5 Tc

Outlook

« Extend the study on the p including the transport peak
« Study correlators at T=0 where (, , )= IS much simpler
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Appendix1:loss function
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Appendix2:The uniqueness of final result
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Appendix3:Subnetwork stucture

Input Hidden Hidden Output Input Hidden Hidden Output

layer layer 1 layer 2 layer layer layer 1 layer 2 layer

(a) Encoder 1

Input Hidden Hidden Output

layer layer 1 layer 2 layer

(¢) Decoder
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Appendix3:Hyperparameters

ST Input Layer Hidden Layer 1 Hidden Layer 2 Output Layer
Network
3000: p; 350
Encoder 1 43(T - TC)/29(T = TC): Gk 1500 750 350
Encoder 2 A3(T<T.) /29(T >To): G 150 200 2;8
3000
Decoder o)k Zj 750 1500 3000
Layer Layver 1 Layer 2 Output Layer
Subnet B Y b .
None
Encoderl Prelu(x) | Prelu(x)
exp(z/2)
None
Encoder2 Prelu(xz) | Prelu(x)
exp(z/2)
Max (0, z2 — 0.0001
Decoder Prelu(z) | Prelu(x) ( )
exp(z/2)
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Appendix4:Time history and error

250

200 A

150 -

100 -+

0SS
wn
®)

_50 —

— 100 +

1

nY

1
11

i

VIR IR ) IPY URTPARI R (WP IRPUPER RN

N, =96
N, =84
N,=72
N, =64
N.=56
N.= 48

— 150

1000000 2000000 3000000

epoch

Systematic error: the standard deviation of

4000000

5000000



