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On large scales, spectral lines are biased tracers of the underlying matter density field

Stayed tuned for
Adrian and
Hannah’s talks!
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The importance of galaxy formation histories in models of reionization

Jordan Mirocha “,'*{ Paul La Plante’{ and Adrian Liu !

L McGill University Department of Physics & McGill Space Institute, 3600 Rue University, Montréal, QC, H3A 2T8, Canada
2Department of Astronomy and Radio Astronomy Laboratory, University of California Berkeley, Berkeley, CA 94720, USA
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REIONIZATION ON LARGE SCALES. I. A PARAMETRIC MODEL CONSTRUCTED
FROM RADIATION-HYDRODYNAMIC SIMULATIONS

N. BATTAGLIA!, H. TRAC!, R. CEN?, AND A. LOEB’
I McWilliams Center for Cosmology, Wean Hall, Carnegie Mellon University, 5000 Forbes Avenue, Pittsburgh PA 15213, USA
2 Department of Astrophysical Sciences, Princeton University, Princeton, NJ 08544, USA
3 Harvard-Smithsonian Center for Astrophysics, Cambridge, MA 02138, USA
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Fitting current and futuristic surveys

Current surveys

Future surveys

® Current (or upcoming) surveys:
HERA, FYST-like, EXCLAIM-like

® [uturistic survey:

improved instrumental specitications

see Padmanabhan et al. (2020): .
arXiv: 2105.12148 RGARSICHIIE S S
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Current surveys

Current + prior on C|II]

® Current (or upcoming) surveys:
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Future surveys

® Current (or upcoming) surveys + prior:

above + additional prior on CJ[Il]

® [uturistic survey:
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Current surveys
Current + prior on C|II]

Future surveys

® Current (or upcoming) surveys:
HERA, FYST-like, EXCLAIM-like

® [uturistic survey:
improved instrumental specitications

see Padmanabhan et al. (2020): Technlque falls without .
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SUMMARY

® On large scales, in the linear biasing regime, it may be possible to reconstruct
the 21cm power spectrum from three crosscorrelations. But caution must be
taken if ...

> ...the three fields are decorrelated with each other

> ...the instrumental noise is large, in particular if one line is very noisy
® However theoretical modeling and simulations can improve...

> ...our understanding of what lines are tracing what underlying fields

> ...the physical constraints on the bias tfactors, thus improving the

oriors on the model parameters
arXiv:2308.00749
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tinder

Telescope at SARAO

Radio interferometer based in the Karoo
Desert in South Africa. Currently responsible
for the world’s leading upper limits of the
P21 at EOR redshifts, but always looking to
improve.

Hoping to meet a complementary survey
who shares the same values (and sky
coverage). Let’s crosscorrelate some data
and see how it goes. Looking to avoid
drama, and foregrounds.
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