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NOT YET ☹
Still very few auto spectra 

detections, particularly for 21cm 
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Can we extract auto spectra 
information without a direct detection?
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RESULTS 2/2

• Current (or upcoming) surveys:  
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• 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 factors, thus improving the 
priors on the model parameters

arXiv:2308.00749
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On the importance of priors
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SNEAKY  ERROR PROPAGATION 2/3
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SNEAKY  ERROR PROPAGATION 3/3
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SURVEYS
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INTRINSIC BIAS
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HERA’S TINDER PROFILE

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.

HERA
Telescope at SARAO
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