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Objectives

m Constrain model parameters, [Q%), 7, ec, C%, 00/2], that
parametrize the BK IC ...
. via Bayesian inference using HERA structure function data.

m Account for correlated experimental uncertainties in HERA data.

m Provide predictions and uncertainties for other observables.
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Typical BayeSian Latin Hypercube Sampling
Workflow to generate samples across the

parameter space

Model Calculation

to create the training data set

Setting a prior

l

Bayesian Statistics ]

Emulator Training

to replace the model with a faster
surrogate

MCMC Sampling

to find posterior distributions
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Acceptance probability:
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Bayesian Statistics

Acceptance probability: P(6) = posterior = likelihood X prior

_ P(0x41) m Likelihood: how well data matches the model at 6
P(0x) m Prior: bounds of the parameter space

1 1 1 1 1
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— MCMC Sampling & Bayesian Statistics
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Posterior Samples, Median and MAP curves
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“Best Fit” Values
| 5 - parameter | Q%[GeV?] | v | e | C? | g0/2[mb] | x*/dof |

median 0.067 1.01 | 275 | 4.72 14.0 1.63
MAP 0.076 1.01 | 15.6 | 4.47 13.9 2.06
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Applications to pA collisions
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Applications to pA collisions
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Summary

m Posterior distribution for [Q%), v, ec, C?, 00/2]
m Correlations between parameters observed from the posteriors
m Uncertainty for the BK initial condition (novel!)

m necessary for calculations that propagate the uncertainties of
non-perturbative BK IC and other observables

Further work
m Extension to other functional forms of the initial condition

m NLO fits to further probe saturation
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Initial and Evolved A (r, y)
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