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Roman + LSST Science Relies on Photo-2’s

* Wide range of cosmology and b . 1 y
galaxy evolution science cases 24.0- S
require measuring galaxy redshifts g24.5-

(e.g., large-scale structure, galaxy 5 25.0- 5

clusters, weak lensing, galaxy ;ézs.s- T

luminosity function). $26.01 |, 2 F
'26.5-

» Getting spectroscopic redshifts - R . N P
(spec-z’s) for all galaxies down to 3 <] _@ Roman HLS
the full depth of Roman and LSST | -
imaging is completely infeasible — #8500 5000 7500 10602 %iiioo 15000 17500 20000

need photometric redshifts
(photo-z’s). Tee et al. (2023)



Traditional Photo-z Methods
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SED TEMPLATE-FITTING CLASSIC MACHINE LEARNING
* Redshift SED templates (or * Train model to learn mapping
combinations) to find best match from observed SEDs to redshift.

to the observed SED.



Can deep learning outperform traditional photo-z methods for Roman?
OPPORTUNITIES

* 0O(109) well-resolved images (~kpc
at z=3) in bands that span the 4000
A break out to z ~ 3.

* Deep learning can extract additional
redshift information from the pixels
directly.

 Galaxy morphology evolves
strongly from z = 0 — 3, so deep
learning may help distinguish
between degenerate redshift
solutions.



Can deep learning outperform traditional photo-z methods for Roman?
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* 0O(109) well-resolved images (~kpc
at z=3) in bands that span the 4000
A break out to z ~ 3.
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» Galaxy morphology evolves SULE RN B |
strongly from z = 0 = 3, so deep — R
learning may help d'Stmgu',Sh * EXisting spec-z training sets sparsely
between degenerate redshitt sample and do NOT span the color-
solutions. redshift space of photometric objects.

Newfnan & Grﬁen (2022)



Deep Learning Produces State-of-the-art Photo-z’s at Low-z
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o SDSS Main Galaxy Sample
* O(500K) ugriz + spec-z’s
 Complete coverage of color—
redshift space
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data from Beck et al. (2016)
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o SDSS Main Galaxy Sample
* O(500K) ugriz + spec-z’s
 Complete coverage of color—
redshift space
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o SDSS Main Galaxy Sample
* O(500Kk) ugriz + spec-z’s
 Complete coverage of color—
redshift space
* Generic result: multiple deep
learning methods produce similarly
excellent results.
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Roman Prototype Data Set: HST CANDELS

* O(100k) 4 band HST imaging out Fo06W F814W F125W F160W
to H-band (1.6 microns)

* 0O(20k) training redshifts:

e Much smaller than SDSS MGS

e Spec-z’s and grism-z’s
* biased in color—redshift

space

e COSMOS2020 many (~30) band
photo-z’s
* good but not perfect




CANDELS Deep Learning Photo-Z’s

Separate Image Compression and Redshift Prediction Tasks

IMAGE COMPRESSION: SELF- REDSHIFT REGRESSION
SUPERVISED CONTRASTIVE LEARNING e Combine morphological encodings

with ground-based LSST-like ugrizy
photometry to train a (simple)
redshift regression network.

* | everage all available images to
train network, not just objects with
known redshifts = key for Roman.

« Use neural network to compress PRE'—'M'.NA'.*Y RE.Sl.J'-TS |
CANDELS HST images into a low- » Despite insufficient quantity and

D mOrphO|Ogica| enCOding_ representativeness of training
data, we achieve a small but

statistically significant
Improvement in photo-z’s.
(Ashod Khederlarian)



Optimism for Roman Deep Learning Photo-2’s

DEEP LEARNING APPROACH

 Still more room for deep learning
methodological improvements
(e.g., new model architectures,
training strategies, data
augmentation)

IMAGING

e Roman will have 10,000x more
objects than CANDELS.

ONGOING EFFORTS TO IMPROVE
SPECTROSCOPIC TRAINING SETS

* Developing statistical methods
to better leverage limited
spectroscopic data
(Finian Ashmead)

 DESI is 4x more efficient for
deep spectroscopy than
forecasts expected
(Biprateep Dey)



