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Photo-z Calibration Challenges
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Color Axis 1

Newman & Gruen (2022)

 Compared to photometric objects in color-redshift
space, existing spec-z training sets suffer from

e sparse sampling
* Incorrect redshifts
* systematic incompleteness



SOM: sharp boundaries and discrete binning hinder interpolation
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credit: Finian Ashmead
u*grizyJHKs data from Weaver et al. (2022)



Spec-z's sparsely populate color-space and are systematically incomplete.
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credit: Finian Ashmead
u*grizyJHKs data from Weaver et al. (2022)
spec-z's (confidence > 95%) from Khostovan et al. (in prep.)



Roman WFS (Pl: Newman): Optimizing Spec-z Training Sets w/ UMAP
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UMAP Color Manifold Enables Interpolation

Photo-z Spec-z

UMAP3D Photometric Sample 4-0 UMAP3D Spec-z (CL>95) 4-0
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Dense sampling

KL o
[’,‘ ’.‘iu.s. T . o | a8 V. . o

Color Axis 2

A o SR A e ]
SR W P SRR T, o AR ¥ o
R s E AR AR AR AR
Yome AL 2%y -‘0' . o . - -"....o. o'
: - L e B b AP TR A L
R ST A e et
- R A el SR N
. R 1 O S Vol
.‘....k:'. o 1 _" s o‘:“t{ ‘r_ ..'"0\00..‘{0.
. :#:,..:.';;E 2 Wt ?:_':';', TSR $ ?,vi{é“g 'l % : o
o "Ry o Jolge e o8 ° SWe e ¢ L) L 99, s ’:. e %
p 'l%f .&’g‘.’%!k‘%‘! & [ :. “. ' .... ,' :.(. o
.\..:. on, °Se ‘J" L Y ."o. g " ah.‘ ‘."-".t-; 3 28
2o o B s L0 f ) & F R o e A
ek o e MR R
i Begie )':. ( '.‘:"':-g‘ ﬂ\t.".os o AL i < $3%, 55 [ 3
\ .".’}*"..)'-:-."‘."".’:“"5" (AR X ‘."‘o?c‘ T % (3 s -rr
“’,»‘.&‘};’ - -.’&&.ﬁ.a":ﬂ?&:“‘l '\‘:@ .'&T YRS
B T R LN R TR 217
TAh A TR TR o DR
0‘. \ .\. o. o . oé‘. ° N “.'a oo
b2t Godz ..*.?.s;.'ﬁ"" TR A Lo
E S R T T
ok A 3 .."“35-\'34" . '_:;(:,.“'i- 24 s,
_F'p o (Y 3 ¥ r:s' ‘&‘.‘ L7E a &° 'b’o‘.’:ls
I I I
Color Axis 1

Newman & Gruen (2022)
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Photo-z Calibration Challenges
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Sparse sampling

o Compared to photometric objects in color-redshift
space, existing spec-z training sets suffer from

e sparse sampling — interpolation
* Incorrect spec-z's — robust methods

 systematic incompleteness — rebalance
training set to match photometric objects



Roman WFS (Pl: Andrews): Image-based Deep Learning Photo-z's

* Goal: leverage Roman's spatially- F814W F125W F160W
resolved color information for better
photo-z's.

* Prototyping on O(100k) 4 band HST
CANDELS imaging out to H-band with
O(20Kk) training redshifts.

* Currently achieving similar performance to
classical ML methods and still room for
algorithmic improvement.

« We expect our approach to scale much
better than other methods given the
massive size of the Roman dataset.

credit: Ashod Khederlarian



Clustering between photometric and spectroscopic samples can calibrate
redshift distributions.

* Yoki Salcedo (Pitt) will work on
adapting and testing RAIL S 0.005
framework for clustering - e i pi=rn
redshifts (RAIL version of yet-

another-wizz) for Roman.
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* Clustering redshifts can test or
improve calibration of redshift
distributions.
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* Also worked on DESI-2 target | |
selection; DESI and DESI-2 will credit: Yoki Salcedo
provide key samples for cross-
correlation



Dense sampling
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Sparse sampling

o Compared to photometric objects in color-redshift
space, existing spec-z training sets suffer from

e sparse sampling — interpolation
* Incorrect spec-z's — robust methods

 systematic incompleteness — rebalance
training set to match photometric objects



