n/s(T) uncertainties from the equation of state
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LURINVNG ) EKRT+hydrodynamics model and equations of state

We perform a global model-to-data comparison using a hy-
drodynamics model with the EKRT initial state [1]

e Initial energy density from the EKRT minijet saturation model [3]: e(7r, 75(7r)) = % [Psat (Fry Ksat)]; 7e(Fr) = 1/Dsat(Fr, Ksar)

2+1D vi h i ith li :
« Compare analysis results based on four different equa- e 2+1D viscous hydrodynamics with linear temperature dependence on 7/s

tions of state n/s(T) = Suc(Tmin —T) + (1)) min, T < Thnin
H/S(T) = SQGP(T - Tmin) + (7]/5>mim T> Tmin
e Statistical analysis based on Bayesian statistics [2]

e Emulate the hydro model behavior for uninvestigated The following equations of state were used in this study: ) Bucapest Wupperel —
input values using Gaussian processes hotQCD, Ny = 10 ——
P & P ¢ 5837: Hadron gas particles from 2016 PDG summary tables, fit done to lattice data from [4] 4 hotQcD, Ns‘;ai —

e Calibrate the model to experimental data using Markov = S87r
P 8 o s87r: M < 2 GeV HG particles from 2005 PDG summary tables, fit to lattice data from [5] 2 ¢ s

chain Monte Carlo sampling .
o s88s: HG particles from 2016 PDG summary tables, fit to lattice data from [5] |

. e s95p [6]: M < 2 GeV HG particles from 2005 PDG summary tables, fit to lattice data from [7] %0 200 a0 400 500 60d
Gaussian process " ey

Model emulation using Gaussian processes: Set Y, of values R 1 t
of observable y,, corresponding to a set X of points in param- esuits
eter space, has a multivariate normal distribution: The following observables were used for the data calibration:

Au+Au at \/syy = 200 GeV:
e Ny in || < 0.51n (0-5)%, (5-10)%, (10-20)%, (20-30)% and (20-30)% centrality [STAR, PRC 79, 034909 (2009)]

G: X >V, ~NwX)

where p = p(X) = {w@1),...,u(Zy)} is the mean and
¥ = o(X,X) is the covariance matrix with covariance e 15{2} in (0-5)%, (5-10)%, (10-20)%, (20-30)% and (20-30)% centrality [STAR, PRC 72, 014904 (2005)]
function o(Z,Z") (model-dependent choice; constant, linear,
exponential, periodic, ...). Pb+Pb at /syy = 2.76 TeV:

. . . . . . e Ny in || < 0.5 in (5-10)%, (10-20)%, (20-30)% and (20-30)% centrality [ALICE PRL 106, 032301 (2011)]
Choice: Radial-basis function (RBF) with a noise term

o 1,{2} in (5-10)%, (10-20)%, (20-30)% and (20-30)% centrality [ALICE PRL 116, 132302 (2016)]
i=1

I ~ (z: — x;)?
O'(l‘, ]}/) = 90 eXp <_ Z %) + Hnoise(si‘i" Pb+Pb at \/SNN = 5.02 TeV:

- e Ng in || < 0.51in (10-20)%, (20-30)% and (20-30)% centrality [ALICE PRL 116, 222302 (2016)]
The hyperparameters = (6,061, ...0, Onoise) are not known a

priori and must be estimated from the simulation output (em- e {2} in (10-20)%, (20-30)% and (20-30)% centrality [ALICE PRL 116, 132302 (2016)]
ulator training). Emulator prediction for the model output y,
at a point #; can then be determined by writing a joint distri- Left: Posterior probability distribution
bution " () S0 Sox for EoS s87r, with kinetic decoupling Tye. i3 exp dota)
= ’ ’ 1 | | 1 1 t 150 MeV (bl 120 MeV (red).
(Y;z) N ((M(X)> , (EX,() ZX,X)) | | L | a eV (blue) or eV (red) o0
. . .. L. 1 1 | 1 Below: 20-point emulator verification &
from which we can derive the conditional predictive mean i i for s87r v2{2} at (10-20)% for Pb+Pb at
. . _ = 1000
and associated covariance as (u(X) = 0) - JANN = 2.76 TeV with Ty.e = 150 MeV 2 %
S . . . . . R*g
y () = EO,XZ;(}XY; Yap = Yoo — 201X2;{}X2X’0. Em i Right: Distribution of predicted model s -
outputs for Pb+Pb at \/sny = 2.76 TeV
ol ] with Ty, = 150 MeV for Ng, (top) and o
P E . i 'U2{2} (bOttOm) (5-10)% (10—20)%n , (i20—30)% (30-40)%
Bayes’ theorem g Cerraty
[&------ 0.14 =
0
Given a set X = {#}I_, of points in parameter space and a el i 0075 012
corresponding set Y = {§; }2_, of points in observable space, X £ 0.10 =
o so v
| P(F[X,Y, §°F) o P(X, Y, §°%i) P(Z") . 5o g . -
sk ‘ ‘ ‘ ! kS
g 10 1 : R 1 ™ : " S 0.050| 0.04 E
o P(1*|X,Y,yP) is the posterior probability distribution of I \ ————— Lot A i h & ooes o
a7 for given (X, Y, jP) Tt S ks SER Y de e :
= e 11/ Smin e GV Sqgp [GeV] 0035 0.040 0.045 u.g§o u.lusts_ 0.060 u.nlitss 0.070 0.075 0.080 000 —536)%  (1020)% (2030)%  (30-401%
e P(z*) is the prior probability distribution (simplest case: imulation resu Centrality
ranges of parameter values)
o P(X,Y,§%P|i*) is the likelihood of (X,Y,7®¥) for given 7* e Change of EoS has negligible effect on K
e ~ 60% increase in (1/s)min median when o e

o _ 1 1 Zexp)\Ty1—1 e
P(X.Y.5o0) = - oxp (37— §°0)T57 (7 — 7)),
where y* is emulator estimate for the input parameter point z*
and ¥ is the covariance matrix representing the uncertainties
related to the model-to-data comparison. In this study o Differences remain within the uncertain-
ties, however

using s87r or s88s compared to s95p

robabllity density

5837 compared to s87r and s88s

3 [ e ~ 25% increase in (7/s)min when using Zow + + +

S832v0  S87rv0  S885v0  S95pvl

Y = diag((oexp)® + (ocp)?),

Tonin and the slope parameters remain un-
constrained by the present analysis

with o representing the experimental error and (ogp)? is
the GP emulator variance.

Markov chain Monte Carlo

The posterior distribution is sampled with Markov chain
Monte Carlo (MCMC) method

= Introduce more observables to further
limit the parameter space: Identified par-
ticle data (N, (pr) of 7, K, p...); higher flow
harmonics (vs, v4); Xe+Xe data
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¢ Random walk in parameter space, where each step is
accepted or rejected based on a relative likelihood
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o Converges to posterior distribution as number of steps
N — o0

dom walk; should be 0.2-0.5 o. Foreman-Mackey ef al., arXiv:1202.3665 References
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