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MANCHESIER Talk Layout

The University of Manchester

*Intro to chiborg via a toy example
*Quick formalism overview
*Revisiting the toy example
‘Example with HERA

Future directions and other concluding remarks



MANCHESIER Problem Setup
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Source: https://arxiv.org/pdf/2210.04912
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MANCHERIS x-by-cyborg aka chiborg™?

10 10

M O("d3 biased", "all unbiased") =1.29e — 01 M O("ds3 biased", "all unbiased") =1.29¢ — 01 . One meaning for
“M_ O("all biased equally", "all unbiased")=1.11e + 01 "B O("dp biased only", "dy and ds biased") =1.17e + 01 : . . .
. . |nconS|sten.t IS 'tha_t there is
a systematic bias in some
i I data but not in others
o :
= - Sometimes we can identify
4 4 -
= — such data by eye by
C L . CCn, _ 9
S L n - . o performing a “y-by-eye
______________________ I Y I S
2 f ! ! T T ’ | | - Somewhat misleading t
S  — ——— = N N SR N % & | -Somewhatmisleading term
1 I ne 1 Ll since a y“ test considers
. . - whether the data are
globally a good fit i.e. it
» » does not point to specific
0 1 2 3 0 1 2 3 outliers
Epoch Epoch
* chiborg uses Bayesian
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*https://arxiv.org/abs/2210.17351 determine to identify the

problematic data points
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MANCHESTER Basic Formalism

Hypothesis to test e.q. Bias distribution
“the third datum is biased” under the hypothesis

\ J P(d|e, H)P(e | H)P(H)
de

P(H|d) = |de——————
P(d) \
Some data may be
Mmore suspicious a
unknown bias riori
Measurements P

(including uncertainty)



MANCHESTER v-by-cyborg aka chiborg’
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MANCHI ‘All diagonal’ hypothesis set
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—— Epoch 0 Biased Only

log P(e|H) (e —p,)! C-1(e — pu.)!  (Gaussian prior on bias)

{ﬂg} X {(0,0), (O,l), (1,()), (1,1)} (all 2-bit sequences)

{diag(C))} « {(0,0),(0,1),(1,0),(1,1)} (all 2-bit sequences on diagonals,

0 on off-diagonals)

—— Epoch 1 Biased Only

- Somewhat exhaustive hypothesis set, but scales like 2/N.
Suited for small data sets.

* Proportionality constant must be chosen so that the test
returns meaningful results (have tools for this).

Epoch 1 Bias Strength (01)
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VAR Results with HERA pt. 2
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MANCHIZIER Results with HERA pt. 1
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MANCHESTER Conclusions

*Chiborg is a rigorous Bayesian method for determining statistical
consistency

|t was battle tested on HERA data and proved successful at its purpose

In general, it could be used for determining consistency of any set of
measurements of a given quantity, e.g. power spectra from different
seasons of a given instrument, power spectra from different instruments,

different global 21-cm measurements, measurements of H,,...

All iImplemented in an open-source python package:_https://github.com/
mwilensky768/chiborg

*We also wrote a paper: https://arxiv.org/abs/2210.17351
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1824 Backup Slides Past this Point
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R  Mutual information (region of discernability)
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MANCHESTER How it does with Gaussian samples
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VARSI Tuning with a loss function
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* [f one has some means of setting a loss function, then this relieves them of the need to arbitrate statistical significance

* On the other hand, one could use the loss function to tune an acceptable false positive/negative rate for a given bias
strength



