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Lyman-a forest flux at high-z
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What can we constrain with the Lya forest from high-z quasars?

New Constraints on the free-streaming of warm dark matter from intermediate and
small scale Lyman-« forest data
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XQR-30 Collaboration

)\observed — )\rest(]- Sk ZQSO)

XQR-30 data (xqr30.inaf.it):

e Uses VLT/X-Shooter
(R ~ 8800 in the visible)

e 30 new observations of  FE ===
some of the brightest W
Zz > 5.8 quasars observed -

e Supplemented with 12
archival observations
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https://xqr30.inaf.it/

Effect of )\mfp on the auto-correlation function
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Differences between the models for different )\mfp values are non-linear!
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Measuring )\mfp from mock data

Gaussian likelihood:
1

- /det(T)(2m)"

exXp <_% (6 _ Emodel(kmfpa <F>))T 2_1 (5 _ gmodel(Amfpa <F>))>
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Measuring )\mfp from mock data

Gaussian likelihood:

— \/det(;>(2ﬂ-)n exp <—% (6 - gmodel(Amfpa <F>))T

Amsp = 39 cMpc, (F) = 0.0801
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Measuring )\mfp from mock data

Gaussian likelihood:

i \/det(;ﬂ?ﬂ)n Sl _% (6 _ gmodel()‘mﬁﬂ <F>))T Z_l (6 o €model(>‘mfp7 <F>))

MCMC:
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Observed auto-correlation function

Distance (cMpc h™l) atz = 5.5
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Observed Covariance Matrices

data bootstrap
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Forward modeled covariance matrices

Forward model the simulation with the
observed properties:

PSO J029-29 zgso = 5.984

z=15.1
normalized flux
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z = 5.6 simulation Wolfson et al. in prep

Forward modeled covariance matrices Mp=5CMpc  Amp =5 cMpe
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Thank you! - Summary
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The Lya forest from high-z quasars provides exciting insights into the z > 5 universe

O

The data is being built up!
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Thank you! - Summary

e The Lya forest from high-z quasars provides exciting insights into the z > 5 universe
o The data is being built up!

e The auto-correlation function provides a new way to competitively constrain the evolution
with redshift of )\mfp with existing data

e Measurement of )\mfp from XQR-30 data is ongoing

o Estimating covariance matrix from limited data and uncertain modeling has been challenging

Things | would be happy to discuss:

e Re-weighting posteriors to correct for assumptions in our likelihood function (such
assuming the data is Gaussian distributed)

e Measuring the thermal state of the IGM with high-resolution (KECK/HIRES) z > 5 quasar
o9 data



