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Introduction and motivation
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Einstein-Maxwell-Dilaton (EMD) model

The Einstein-Maxwell-dilaton(EMD) action

1 — s\ @Ps -
Sv=1erg-J A°xV= g% e 2?5 [Ry 122 F2 £ 49,001, — Vs(ds)]  f(2) = eo?’~A@k

chemical potential dilaton field: breaking conformal invariance

The metric :
L292A(z) d22
ds? = —g(2)dt? +
z2 [ 9(z) g(z)

+ d?’z] A(z) =dln(az? +1) + diln(bz* + 1)

Dilaton field :

¢'(2) = 6(A2— A" —2A"/2)

Xun Chen, Mei Huang,Flavor dependent critical endpoint from holographic QCD through machine learning, JHEP 02 (2025) 123.
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Einstein-Maxwell-Dilaton (EMD) model

The Hawking temperature and entropy :

z3e=3Azn) , 2cp?ek (e ¢%h [FhdyyBe 34 — [*h dyy3e=34) e=c¥?)
= +
V4 — 2
4:H fo h dnyQ 3A(.y) (1 _ e—CZh)Z
e3A(zp)
4652%

The squared speed of sound :

S
T(E) +u(6_p)
aT), " "\aT)

The second-order baryon susceptibility :

Cs

p__10p
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Bayesian Inference Process

Parameters

0= 0(,b,c,d,k,Gs)
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The prior to lattice data with EMD model
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Case 2 : S/T3, x5 and C% as Prior

300 sets of 6 for prior
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HotQCD Collaboration,Equation of state in ( 2+1 )-flavor QCD,Phys.Rev.D 90 (2014) 094503

A. Bazavov, H. -T. Ding et al. , The QCD Equation of State to Ou$ from Lattice QCD, Phys.Rev.D 95 (2017) 5, 054504

T T TS N T T T N T S S T N Y Y T [ Y
0.15 020 0.25 030 035 040 0.45
T (GeV)



Posterior distributions of the EMD model parameters
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Parameter | min max | MAP
a 0.145 | 0.218 | 0.178
b 0.008 | 0.020 | 0.013
c -0.258 | -0.222 | -0.241
d -0.212 | -0.153 | -0.175
k -0.880 | -0.816 | -0.848
Gs 0.390 | 0.416 | 0.402
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Posterior distributions of the model parameters
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Prior selection and thermodynamic consistency—Case 1 VS Case 2
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Prior selection and thermodynamic consistency—Case 1 VS Case 2
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The posteiror comparison to HRG ,HTL and Lattice—Case 2
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The posteiror comparison to HRG ,HTL, and Lattice—Case 2

C,T3

P/Pideal

100 —
| 1 Posteri i
: (g) - I\‘I'lr;):\sperlor :
— HRG
80 B $ Lattice2014 |
60~ e ;
40 %
20— _
00 03 04 06 0.8 1.0
T (GeV)
1.6 —
[ i 1 P i 1
I (l) H?rsl_terlor 1
| —_ AP |
— HRG
1.2 j $ Lattice 2014 i
B BB s -
08— =
04 —
0055 03 04 06 0.8 1.0
T (GeV)

FIT*

(€ -3P)/P

0 [ T T T T T T N
, ' Bogini 7
- (h) - M?;;erlor ]
1= — HRG =]
|- § Lattice 2014 |
2 ~
3 —
4 .
> . =
S0 02 04 06 08 10
T (GeV)
B — —
E (_|) ] E?rsLterior E
S — MAP -
B — HRG 7
¢ :_ $® Lattice 2014 _:
3 ]
2 —
1= <
0 :_I 1 1 L SB \.-_- -.-.-_-g_-
0.0 0.2 0.4 0.6 08 10
T (GeV)

12/14



Bayesian location of the CEP—Case 1 VS Case 2
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Summary

We present a prediction of the critical endpoint location in the high-density phase of strongly
interacting matter, which is obtained by using Bayesian inference together with lattice QCD data

at zero chemical potential and the EMD model.

entropy, susceptibility as prior:
68% Confidence Interval (T;:0.0861 GeV~0.0985 GeV, ug: 0.65 GeV ~0.74 GeV)
95% Confidence Interval (T';:0.0839 GeV~0.1003 GeV, ug: 0.64 GeV ~0.76 GeV)

entropy, susceptibility, square of the speed of sound as prior:;
68% Confidence Interval (T';:0.0822 GeV~0.0889 GeV, ug: 0.71 GeV ~0.77 GeV)
95% Confidence Interval (T;:0.0817 GeV~0.0898 GeV, ug: 0.71 GeV ~0.79 GeV)
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