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ABSTRACT

We present the first systematic analysis of photometric redshifts (photo-z) estimated from the Rubin Observatory Data Preview
1 (DP1) data taken with the Legacy Survey of Space and Time (LSST) Commissioning Camera. Employing the Redshift
Assessment Infrastructure Layers (RAIL) framework, we apply eight photo-z algorithms to the DP1 photometry, using deep
ugrizy coverage in the Extended Chandra Deep Field South (ECDFS) field and griz data in the Rubin_SV_38_7 field. In the
ECDFS field, we construct a reference catalog from spectroscopic redshift (spec-z), grism redshift (grism-z), and multiband
photo-z for training and validating photo-z. Performance metrics of the photo-z are evaluated using spec-zs from ECDFS and
Dark Energy Spectroscopic Instrument Data Release 1 samples. Across the algorithms, we achieve per-galaxy photo-z scatter of
onMaD ~ 0.03 and outlier fractions around 10% in the 6-band data, with performance degrading at faint magnitudes and z > 1.2.
The overall bias and scatter of our machine-learning based photo-zs satisfy the LSST Y1 requirement. We also use our photo-z
to infer the ensemble redshift distribution n(z). We study the photo-z improvement by including near-infrared photometry from
the Euclid mission, and find that Euclid photometry improves photo-z at z > 1.2. Our results validate the RAIL pipeline for
Rubin photo-z production and demonstrate promising initial performance.

Key words: galaxies: distances and redshifts — methods: statistical

1 INTRODUCTION (Van Waerbeke et al. 2000), and supernovae (Scolnic et al. 2018;
Abbott et al. 2019).

Rubin Observatory’s Data Preview 1 (DP1; NSF-DOE Vera C. Ru-
bin Observatory 2025c¢) provides real observations from the LSST
Commissioning Camera (LSSTComCam; SLAC National Acceler-
ator Laboratory & NSF-DOE Vera C. Rubin Observatory 2024)
mounted on the 8.4-meter Simonyi Survey Telescope, with multi-
band imaging across selected fields. These datasets (NSF-DOE Vera
C. Rubin Observatory 2025a) are the first real data released by the
Rubin Observatory and are a testbed to validate and understand the
t tq.zhang @pitt.edu data processing pipelines.

The NSF-DOE Vera C. Rubin Observatory Legacy Survey of Space
and Time (LSST; Ivezi¢ et al. 2019) is a 10-year survey that will re-
peatedly image the southern sky in six optical bands (ugrizy). During
its operation LSST will produce an unprecedentedly large dataset of
billions of galaxies, providing a statistical foundation to probe the na-
ture of dark energy through multiple cosmological probes, including
weak gravitational lensing (Kilbinger 2015), large-scale structure
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Photometric redshifts (photo-z) with well-controlled systematic
biases are essential to measuring and modeling the aforementioned
probes, and therefore are critical to achieving the science goals of
the LSST Dark Energy Science Collaboration (DESC; Graham et al.
2022; Newman & Gruen 2022). Precise and accurate photo-z esti-
mates for the galaxies are required to select the galaxies for tracing
the large-scale structure, dividing lens and source galaxies into to-
mographic bins. Photo-z is also used to infer the redshift distribution
of galaxy ensembles and calibrate standard candles in the absence of
spectroscopic coverage.

In this paper, we present the photo-z of galaxies in Rubin Observa-
tory’s DP1 dataset, produced using the Redshift Assessment Infras-
tructure Layers (RAIL; The RAIL Team et al. 2025). We use a compi-
lation of spectroscopic, grism and deep multiband photo-z galaxies
to construct the reference sample; we use the reference sample to
train and test machine-learning photo-z algorithms, and calibrate the
template-fitting algorithms in RAIL; we evaluate the the photo-z al-
gorithms performance on the test set and validation set, made by
cross-matching DP1 galaxies to the Dark Energy Spectroscopic In-
strument (DESI) Data Release 1 DR1 galaxies (Collaboration et al.
2025); we study the improvement by including near-infrared (NIR)
photometry from the Euclid mission (Euclid Collaboration et al.
2025); we produce per-galaxy photo-z for DP1 galaxies that pass
certain quality flags. This work is an extension of the initial study of
DP1 photo-z by Charles et al. (2025). The photo-z in this work are
essential to other DESC early science projects, e.g., a cluster lensing
analysis of the Abell 360 cluster (The LSST Dark Energy Science
Collaboration et al. in prep. ).

The paper is organized as follows: Section 2 describes the DP1
datasets and reference redshift samples; Section 3 describes the pho-
tometric redshift estimation methods and our bookkeeping software;
Section 4 presents the photo-z performance results; and Section 5
summarizes our findings and outlines future studies.

2 DATA
2.1 Rubin DP1

The Rubin Data Preview 1 (DP1) includes ~ 15deg2 of multiband
optical imaging ugrizy across six selected fields (NSF-DOE Vera C.
Rubin Observatory 2025¢), including the Extended Chandra Deep
Field South (ECDFS), Euclid Deep Field South (EDFS), a low galac-
tic latitude field Rubin_SV_95_-25 (SV_95_-25) fields, and a low
ecliptic latitude field Rubin_SV_38_7 (SV_38_7) field with griz
photometry. The photometric catalogs consist magnitudes using a
variety of flux measurement methods, including the 1"’ Gaussian
Aperture (Gaaplp0) fluxes, the 3" Gaussian Aperture (Gaap3p0)
fluxes, the CModel fluxes, the Kron fluxes (Kron 1980), the PSF
aperture fluxes, and the Sérsic aperture fluxes from the DP1 coadd
object catalog (NSF-DOE Vera C. Rubin Observatory 2025b). We
estimate photo-z in these four fields with the Gaap1p0 photometry.
The stacked PDF of our photo-z is shown in Appendix A.

To ensure the quality photometry necessary for photometric
redshift estimation, we include only galaxies with i-band PSF
flux signal-to-noise (SNR) ratio exceeding 5. Furthermore, we se-
lected extended sources by requiring g_extendedness > (.5 and
r_extendedness > (.5, which selects against point-source objects.
The 50 limiting magnitudes of GaaplpO of the ECDFS field are
[26.4,27.8,27.1,26.7,25.8,24.6].

In the ECDFS, EDFS, and SV_95_-25 fields, this selection yielded
galaxies with six-band photometry, resulting in a sample of approx-
imately 375,000 galaxies. In the SV_38_7 field, where observations
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are limited to four bands (griz), the same selection produced a sample
of about 169,000 galaxies. For reference, the full DP1 object catalog
contains roughly 2 million objects before applying these selection
criteria.

Milky Way dust extinction reduces the flux disproportionately
more at bluer wavelengths, and needs to be corrected (dered-
dened). We use the extinction maps of Schlafly & Finkbeiner
(2011) to get E(B — V)(a,d) values, and use attenuation coeffi-
cient ap v = [4.81,3.64,2.70,2.06,1.58,1.31] in the u, g,7,i, 2,y
bands. The dereddened magnitudes are

magb,deredden = mag; — ab,VE(B - V)(a, 5), (1)

where mag(mag,.qq4en) are the observed and dereddened magnitudes
in the corresponding band b. «, ¢ represent the right ascension and
declination.

2.2 Reference Sample

To construct the photometric redshift training and testing sets, we
assembled a reference sample in the Extended Chandra Deep Field
South (ECDFS) by collecting galaxies with spec-zs, grism-zs, and
high-quality multiband photo-z from multiple surveys listed in Ta-
ble 1.

Confidence, which takes values between 0.0 and 1.0, is loosely
defined as the probability that an individual redshift estimate is cor-
rect. Most of the spectroscopic sets provide these estimates for their
redshifts. For the few that do not, we assigned the confidence as
0.95. For the grism and multiband photo-z surveys, we set the con-
fidence equal to 1 — fou, Where fou is the reported outlier rate of
these catalogs. To facilitate custom quality cuts, the catalog contains
flags indicating whether each redshift originates from spectroscopy,
grism, or multiband photo-z, as well as confidence values.

The component redshift catalogs were combined into a single
reference catalog. When combining the component redshift catalogs,
sources within 0.75”” were identified as duplicates. For these sources,
only the highest quality redshift is kept, i.e., spec-zs are preferred over
grism-zs, which are preferred over photo-z, and higher confidence
values are preferred for redshifts of the same type.

Note that redshifts from grism and photo-z surveys have larger
scatter and bias than spectroscopic surveys; however, these charac-
teristics are not captured by the confidence parameter. We also note
the redshift quality in some grism surveys, e.g., PRIMUS, is similar
to multi-band photo-z due to limited wavelength resolution (Cool
et al. 2013). We encourage users of our catalog to investigate the de-
tails of each component survey that comprises our reference catalog
and apply their own quality cuts as suit their needs.

2.2.1 Training and Testing Sets

We cross-matched the aforementioned reference galaxies to the
ECDFS DPI object catalog using a 0.75 " radius. To ensure suf-
ficiently high quality photometry, we define the training set as all
cross-matched objects with detections in all observing bands and
with an i-band CModel flux SNR ratio exceeding 20. We note that
galaxy model fluxes have underestimated errors, so the true SNR of
the cut is likely lower than 20. We also note that requiring detec-
tions in all 6 bands will likely eliminate all “dropout” galaxies in the
catalog, e.g., Lyman-break galaxies (Giavalisco 2002).

We also require the “confidence” to be greater than 0.9. We then
split the selected sample, with 70% used for training and the remain-
ing 30% reserved for a test set. These selections result in sets of 6778
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Figure 1. Training set in the ECDFS field. Top left: redshift distribution by methods to obtain redshift. Top right: redshift distribution by surveys. Bottom left:
Scatter plot of the ECDFS reference catalog color-coded by redshift. Bottom right: scatter plot of the ECDFS reference catalog color-coded by the survey name.
The 1-D distributions are normalized. Our reference galaxy catalog is constructed by a wide range of redshifts, and spans a wide range of redshifts.

training galaxies and 2905 test galaxies. The average confidence of
the selected sample is 0.97, indicating approximately ~ 3% redshift
outliers in the training set. Note that we tolerate this relatively high
level of redshift outliers due to the limited sample size for the training
galaxies.

In Fig. 2, we show the color-magnitude-redshift space of the train-
ing galaxies, and compare that to the color-magnitude space of all
ECDFS galaxies with i-band SNR> 5. With the combination of spec-
Z, grism-z and multiband photo-z, the training set covers most color
space of the ECDFS sample. Noticeably, the magnitude of the training
galaxies only goes down t0 ijag < 24.6, compared t0 iy < 26.7 for
the object catalog.

We note that we are training our photo-z algorithms on train-
ing galaxies with higher significance than the object catalog. Only
high-significance photometry is taken to reduce noise in the training
process. Future study is required to determine the optimal selection
criteria for maximizing performance on a faint galaxy catalog. Fig. 1
provides an overview of the ECDFS training and testing sets.

We note that the PRIMUS survey is dominating the low-z range,
and the astrodeep sample is dominating the high-z range. Potentially,
the selection criteria of these specific surveys might be imprinted
onto our photo-z.

2.2.2 DESI DRI

For an independent validation of the four-band photometric red-
shift estimates, we cross-matched the SV_38_7 DP1 object catalog
with galaxies from the DESI Bright Galaxy Sample ( BGS), Lumi-

nous Red Galaxy (LRG), and Emission Line Galaxy (ELG) sam-
ples from the DESI DR1 spectroscopic catalog (DESI Collaboration
etal. 2025). This cross-match produced 2,728 matched objects across
z = 0to 1.6. We used these galaxies as a validation set to assess the
performance of the four-band photo-z estimates in a field with shal-
lower depth and fewer filters. The i-band magnitudes and matched
spec-zs of the galaxies are shown in Fig. 3.

Matching was performed purely using spatial coordinates. If a
match was found in multiple subcatalogs, the one with the highest
weight was selected. The BGS sample, which provides redshifts for
z < 0.5, contains no sources with declination § > 7°, and covers
only half of the SV_38_7 field, limiting our ability to assess the low-
redshift photo-z. Furthermore, in the matched catalog, the maximum
5o i-band magnitude depth is 23.8, with a magnitude distribution
peak at i = 22.9—both approximately 1.5 magnitudes shallower
than the photometry for the full field. Despite these limitations, this
sample provides an independent spectroscopic validation set and a
test to apply the model trained on deep-field training catalogs to a
wide field photometry.

2.2.3 Euclid Crossmatch

To obtain joint optical and NIR photometry for galaxies in the ECDFS
field, we positionally cross-matched the DP1 catalog with the Euclid
Quick Data Release (Q1) (Euclid Collaboration et al. 2025) catalog.
The Euclid catalog was filtered to retain only sources with a SNR
ratio (SNR) greater than 5 in the VIS band and with no quality flags
raised. For each matched source, we retained Euclid coordinates («,
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Figure 2. Corner plot of the training set color-magnitude-redshift distributions in the ECDFS field. Each panel shows 95% confidence contours among redshift,
adjacent-band colors (u — g, g —r,r —i,i — z, z — y), and the i-band magnitude. The blue contours represent galaxies with spec-zs, the green contours
represent grism-zs, the red contours represent the multiband photo-z, while the black contours show all galaxies in the ECDFS field with i-band SNR greater
than 5. The spec-z, grism-z and photo-z samples compose 53%, 34%, and 13% of the entire training/testing galaxies, respectively. Our reference sample covers
a reasonable color space of our ECDFS samples; however, in some color spaces, we still lack reference galaxies.

0), the point-spread function (PSF) magnitudes in the VIS band as The 5o limit magnitudes of the Y, J, H bands from Euclid Q1 are
well as uniform aperture magnitudes in the Y, J, and H NIR bands. around 24.0, and the VIS band magnitude limit is 26. The Euclid
All Euclid fluxes were converted to magnitudes using a zero point infrared magnitude limit is about 2 mag shallower than the ugriz
magnitude of 23.9. Sources with flagged measurements in any of the band of ECDFS. However, since we are applying an SNR cut above
Y, J, or H bands (flag_band = 1) were excluded from those bands by 20 to the i-band for the training and testing galaxies, most training
setting their magnitudes and uncertainties to NaN. and testing galaxies have a detection in the Euclid YJH bands.

To study the benefit of including NIR photometry from Euclid, we

MNRAS 000, 1-13 (2025)



Table 1. Component surveys (names, types, confidence, incremental number
of objects (total cross-match without duplicates and confidence cuts), and
reference) of the redshift reference sample. Redshift type: s = spec-z, g =
grism-z, p = multiband photo-z.

* Note: multiband photo-z redshifts and grism and spec-zs with confidence
< 0.90 were not used in any training sets employed in this note.

**Qriginal datasets in this catalog are Momcheva et al. (2016a); Cooper et al.
(2012); Pentericci et al. (2018b); Wolf et al. (2004); Grazian et al. (2006);
Straughn et al. (2009, 2008); Norman et al. (2002); Wuyts et al. (2008);
Croom et al. (2001); van der Wel et al. (2004); Daddi et al. (2004); Kriek
etal. (2007); Pasquali et al. (2006); Malhotra et al. (2005); Hathi et al. (2008);
Rhoads et al. (2009); Mignoli et al. (2005); Doherty et al. (2005); Le Fevre
et al. (2004); Kriek et al. (2015a); Morris et al. (2015); Popesso et al. (2009);
Ravikumar et al. (2007); Szokoly et al. (2004); Tomida et al. (2013); Trump
et al. (2015); Pentericci et al. (2018a); McLure et al. (2018); Balestra et al.
(2010a); Vanzella et al. (2009); Le Fevre et al. (2015, 2013b); Vanzella et al.
(2008); Wuyts et al. (2009); Silverman et al. (2010)

Survey Type Conf # Ref.
2dFGRS s 1.00  3(8) Colless et al. (2001)
099 4
090 1
2dflens S 1.00 1 Blake et al. (2016)
2MRS s 095 1(6) Huchra et al. (2012)
6dFGRS S 098 2 Jones et al. (2009)
3D-HST g 099 5(3803) Momcheva et al. (2016b)
095 277
ASTRODEEP s 1.00  4165(13861)  Merlin et al. (2021) **
p* 097 8212
ASTRODEEP- s 1.00 594 (6303) Merlin et al. (2024)
JWST
p* 092 628
090 455
CANDELS s 1.00 53 (13447) Kodra et al. (2023)
p* 093 6
JADES s 099 11(318) D’Eugenio et al. (2025)
095 34
090 24
MOSDEF S 0.99 9(45) Kriek et al. (2015b)
NED s 0.95 847 (2956) Helou et al. (1991)
0OzDES s 0.99 897 (910) Lidman et al. (2020)
PRIMUS g 0.92 3653 (6263) Cool et al. (2013)
0.85 1687
VANDELS s 1.00 196 (414) Garilli et al. (2021)
VIMOS s 1.00 499 (1343) Balestra et al. (2010b)
095 43
VUDS s 1.00 9 (150) Tasca et al. (2017)
095 9
0.80 3
VVDS S 1.00 101 (656) Le Fevre et al. (2013a)
095 193
Totals S 7699
g 5622
p 9301
all 22622

created a training and testing set with the Euclid Y, J, and H pho-
tometry in addition to the DP1 u, g, r, i, z, y photometry. We dropped
all non-detections in Y, J, or H bands in addition to the selection
made in Section 2.2.1. This results in 5010 training set galaxies and
2158 testing set galaxies, a ~ 26% decrease compared to the count
of previously selected DP1 training and testing galaxy counts.
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Figure 3. Redshift and i-magnitude distribution for matched DESI objects.
For the scatter plot and histograms, the BGS sample is shown in green, ELG
in orange, and LRG in purple. The distribution of the total sample is shown
in black in the outer histograms. The i-mag distribution peaks at i = 23 and
the redshift distribution at z = 0.8.

3 METHODOLOGY

In this section, we briefly describe the eight photo-z algorithms used
in this work. We refer readers to The RAIL Team et al. (2025) and
https://rail-hub.readthedocs.io/ for details about RAIL
and these algorithms.

3.1 Template-Fitting Photo-z Algorithms

Template-fitting photo-z algorithms estimate redshifts by comparing
observed galaxy photometry to a library of spectral energy distribu-
tion (SED) templates spanning a range of galaxy types and redshifts.
In this study, we deploy two widely used template-fitting codes: BPZ
(Benitez 2000; Coe et al. 2006) and LePhare (Arnouts et al. 1999;
Ilbert et al. 2009; Ilbert et al. 2024). Both codes compute synthetic
fluxes by redshifting the templates and convolving them with the
Rubin filter responses to produce model fluxes, then calculating y?
values by comparing these model fluxes to the observed photometry
and uncertainties for each template at each position on a sample red-
shift grid. These y? values are converted to likelihoods, and Bayesian
priors are applied to incorporate expected redshift distributions as a
function of magnitude and/or galaxy type. A one-dimensional red-
shift posterior probability is computed by marginalizing (summing)
over the template SEDs to produce the final PDF. The best-fit red-
shift is identified as the mode of the posterior probability, and the
best-fit SED is defined as the SED with the maximum contribution
to the posterior at that single fixed redshift, and is not valid at other
redshifts, and thus, not a precise representation of the galaxy-type
vs. redshift degeneracy.

Both codes use a base SED set described in Ilbert et al. (2009)
(also included in the base LePhare distribution), consisting of Ellip-
tical and Spiral templates from Polletta et al. (2007) as well as bluer

MNRAS 000, 1-13 (2025)
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starburst SEDs generated from Bruzual & Charlot (2003) models.
These base templates contain no internal dust extinction. The LeP-
hare code is designed to add a grid of E(B-V) values to each template
with values 0.05,0.1,0.15,0.2,0.25,0.3,0.35,0.4,0.5.BPZ
lacks this capability, and so new templates are created explicitly by
adding extinction from Noll et al. (2009) (Calzetti-like dust with a
UV bump) to each SED bluer than the Sb type (i. e. no dust is added
to the Elliptical, SO, and Sa models, but dust is added to all other
SEDs). E(B-V) extinctions with values 0.1,0.2,0.3,0.4,0.5 are
used to generate the final set of 136 SEDs for BPZ.

As template-fitting methods can compute model fluxes at any red-
shift (as long as the SED model spans the wavelengths of the filter
curves at that redshift), they can extrapolate beyond the limitations of
sparse or missing redshifts in referece training sets, and thus have the
potential to be more robust at higher redshifts. However, the redshift
predictions are limited by the agreement between the assumed SED
models and the real Universe: any mismatch in galaxy evolution as a
function of lookback time, luminosity, and other variables will lead
to biases in the redshift predictions. So, careful construction of tem-
plate sets and calibration using deep multiwavelength samples will
be critical to the performance of template-based methods.

3.2 Machine-Learning Photo-z Algorithms

Machine-learning photo-z algorithms predict photometric redshifts
by learning empirical mappings from multiband photometry to the
reference redshift, modeling the complex color—redshift relation-
ships. They can be less prone to systematic bias in the magnitude
measurement because they are learning the magnitude-redshift map-
ping empirically. However, machine-learning methods tend to predict
redshift based on training set information on the target set by acting
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as implicit priors on the color—redshift relation, and can generate
biased results if the training galaxies are not representative of the full
galaxy catalog.

The methods employed in this work are:

e TPZ (Trees for photo-z) uses random forests to perform regres-
sion of redshift as a function of multiband photometry (Carrasco
Kind & Brunner 2013)'.

e FlexZBoost uses boosted decision trees to model the non-linear
mapping from colors to redshift (Izbicki & Lee 2017)>.

e kNN (K-Nearest Neighbors) predicts the redshift of a galaxy
based on the average redshift of its closest neighbors in color-
magnitude space.’

e CMNN (Color-Matched Nearest Neighbors) improves upon basic
kNN by weighting neighbors according to Mahalanobis distances in
color space (Graham et al. 2018)*.

o GPz (Gaussian Processes for photo-z) models the redshift-color
relation with Gaussian processes (Almosallam et al. 2016)°.

e DNF (Directional Neighborhood Fitting) fits local linear models
around each galaxy using its nearest neighbors (De Vicente et al.
2016)5.
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Figure 5. Photo-z performance metrics as a function of redshift (top row) and i-band magnitude (bottom row) for eight algorithms. Each panel shows three
metrics: the photo-z bias E[Az], scatter onmaDp, and outlier rate 79.15. The grey shaded regions show the LSST Y1 and Y10 requirements on the mean and
scatter of photo-z (The LSST Dark Energy Science Collaboration et al. 2018). The photo-z of all algorithms starts to deteriorate when z > 1.2 and i-mag> 23.
We notice that some algorithms display significant bias at low and high redshift, and template-fitting methods have more bias across the magnitude range than
empirical methods. We do not show statistics beyond z..f = 2 because of the limited number of reference galaxies.

3.3 Workflow Management and Bookkeeping

We developed a workflow management and bookkeeping software
system, RAIL_projects’ for RAIL pipelines. The workflow man-
ager produces configuration files for ceci®pipelines based on “fla-
vors” that specify the input datasets, algorithms and corresponding
parameters, and selection criteria. RAIL_projects enables efficient
comparisons between algorithms, parameters, and selection criteria,
which can be highly useful in future LSST analyses and photo-z anal-
yses in other surveys. The configuration of the pipelines are stored
in RAIL_project_config’.

In this work, there are three flavors of photo-z models being
trained:

(i) dpl_6band: models trained on the ugrizy GaaplpO magni-
tude of the training and testing galaxy sets in ECDFS. These mod-
els are then used to produce photo-z of the objects in the ECDFS,
EDFS and SV_95_-25 fields. This configuration can be found in
dpl/dpl_v4.yaml.

(ii) dpl_4band: models trained on the griz Gaap1p0 magnitude

7 https://github.com/LSSTDESC/rail_projects
8 https://github.com/LSSTDESC/ceci
° https://github.com/LSSTDESC/rail_project_config

of the training and testing galaxies in ECDFS. These models are used
to produce photo-z of the object in the SV_38_7 field.

(iii) dpl_paper_euclid_nir: only FlexZBoost and BPz are ap-
plied in this flavor, using the DP1 ugrizy and Euclid Y/ H magnitude.
The model is only applied to the test galaxies in ECDFS.

3.4 Metrics

In this study, we use simple metrics based on the mode of the photo-z
and the reference redshift to evaluate the performance of the photo-z
algorithms. We compute the photo-z deviation by
Az = Zmode — Zref ) )
1+ Zper

Here zmode is the redshift mode, i.e., the redshift that corresponds to
the maximum of the PDF. z,.¢ is the reference redshift, sometimes
referred to as the “true redshift”.

For a given set of galaxies, we compute the bias as the mean
of Az, the scatter as the bias-corrected normalized median absolute
deviation (NMAD) onmap of Az,

onMaD = 1.48 X median (|Az — median(Az)|), 3)

and the catastrophic outlier rate 7915 by the fraction of galaxies with
Az > 0.15.
Photo-z are often used to assign both lens and source galaxies to
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Figure 6. The PIT-QQ plot for eight photo-z estimators. The curves show
the empirical CDF of {z;} as a function of Q, i.e., P(zref < 2(Q)), Where
z(Q) is the Q-th posterior quantile. The black dashed line denotes perfect
calibration (uniform PIT).

tomographic bins in joint analyses of galaxy clustering and weak
lensing (e.g., Abbott et al. 2022). Therefore, we compute a “binning
accuracy” as a metric for binning performance, defined as the prob-
ability that the bin assigned based on the photo-z mode is the same
as that assigned using zr.f. The binning strategy we use is to split all
galaxies into five bins with equal number counts. We note that the
binning accuracy should be taken as a qualitative metric to assess
the accuracy of binning for the algorithm, rather than as a metric for
assessing the impact on cosmology analysis.

We use the Probability Integral Transform quantile—quantile (PIT-
QQ) plot as a diagnostic tool to evaluate the coverage of the photo-
z PDFs. By comparing the empirical cumulative density function
(CDF) at quantile Q, i.e., P(zrer < z(Q)) against the diagonal line,
the plot shows whether the predicted PDFs are well calibrated. De-
viations from the diagonal line indicate systematic issues such as
overconfident, underconfident error bars, biased, or skewed uncer-
tainties.

4 RESULTS
4.1 Photo-z Optimization

In this section, we briefly describe the effort towards achieving an
optimized photo-z result in this work. We note that we do not consider
the results here to be the fully optimized photo-z performance for
future Rubin data.

As an initial data exploration, we train and test all eight photo-z
algorithms with default settings using different types of photometry.
We observe that the Gaap1p0, the CModel, and the Sersic flux are
generally better performing than other types of flux measurements
in terms of scatter and outlier rate metrics, and they are comparable
to each other within minor fluctuations between algorithms. As a
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result, we choose Gaaplp0 as flux measure employed for the rest of
the work.

We adjust the values of the hyperparameters of the machine-
learning methods and adjust the template collections for the template-
fitting algorithms to optimize the performance of the photo-z meth-
ods. Here are the notable hyperparameter changes compared to the
default parameters in the RAIL v1.2'0:

e Common settings: PDF and point estimates are calculated be-
tween z = 0 and 3.

e TPz: number of random bootstrap samples is set to 10 (default
is 8), number of trees in the random forest is set to 10 (default is 5),
the minimum number in terminal leaf is set to 2 (default is 5).

e kNN: maximum number of neighbors is set to 10 (default is 7).

e GPz: use the variable diagonal covariance mode. The number
of training iterations is set to 1000 (default is 200, and does not
converge).

e FlexZBoost: maximum number of basis functions is set to 50
(default is 35).

e BPz: use the base templates from LePhare with a set of dust
absorption models applied, resulting in a larger range of dusty model
SEDs than standard BPZ runs (See Section 3.1). Use a Hubble Deep
Field North (HDFN) like prior from Benitez (2000), with no zero-
point adjustments.

e LePhare: enable magnitude zero point adjustment (default is
off). Remove a maximum of two bands when y? of the fit exceeds
300 (default is 500).

4.2 Per-galaxy Photo-z

We evaluate the per-galaxy photo-z performance of the eight algo-
rithms on our test set, which has the same population as the train-
ing set. Fig. 4 shows that most algorithms achieve good agreement
with the spectroscopic redshifts for bright, low-to-moderate redshift
galaxies, as seen by the concentration of points along with the iden-
tity line. However, systematic biases and increased scatter become
apparent at higher redshifts (z > 1.2), where training data are sparse
and photometric uncertainties are high.

The patterns of outlier distribution vary across algorithms. Par-
ticularly, for the template-fitting algorithms, we notice that there are
galaxies with 1.5 < zpr < 3 that are given zphor < 0.5. We suspect
this can be caused if the Lyman break of the galaxy are misidentified
as a Balmer break by the algorithm.

We summarize the overall performance metrics in Table 2. Overall,
the machine-learning based algorithms have bias less than 0.005,
which is LSST Y1 requirement (The LSST Dark Energy Science
Collaboration et al. 2018). Some algorithms, such as FlexZBoost
and DNF, and kNN exhibit tighter scatter, while others, like GPz, show
larger overall dispersion. All algorithms has scatter less than 0.1,
the LSST Y1 requirement. We also report the catastrophic outlier
rates defined as the fraction of galaxies with |Az| > 0.15. In terms
of binning accuracy, FlexZBoost scores the highest accuracy of
78.1%, while other methods are in the range of 60% to 70%.

In Fig. 5, we show the bias, scatter, and outlier rate of the algo-
rithms as functions of redshift and i—band magnitude. Generally, we
observe that the photo-z performance is better at intermediate red-
shift (0.3 < z < 1.2), and brighter magnitude (i—mag < 22.5). We
also observe a wide range of performance across different methods

10 The full set of hyperparameter change can be found in the
“dp1_paper” flavor in https://github. com/LSSTDESC/rail_project_
config/blob/main/dpl/dpl.yaml


https://github.com/LSSTDESC/rail_project_config/blob/main/dp1/dp1.yaml
https://github.com/LSSTDESC/rail_project_config/blob/main/dp1/dp1.yaml

Rubin DP1 Photo-7 9

Bias Scatter Outlier Rate
0.2 1 —— DP1 Only
FlexZBoost 0.2 DP1+Euclid YJH
0.11 0.4
S 4 L\iﬁ«-——-r g _ 5
= 0.0 \;__} g 0.1 S
~0.1] \}\1
L"‘\i \
-0.21 . | 00 . 1 ool , ,
0 1 2 0 1 2 0 1 2
Zref Zref Zref

Figure 7. The same photometric redshift performance metrics as Fig. 5 of the FlexZBoost algorithm as a function of redshift, comparing LSST ComCam-only
photometry (blue) to the combination of LSST ComCam and Euclid NIR YJH bands (orange). The inclusion of Euclid NIR data notably reduces bias, scatter, and
outlier rates at redshift z > 1.5. The error bars are computed by bootstrapping the testing set. The grey shaded regions show the LSST Y1 and Y10 requirements
on the mean and scatter of photo-z.

3
FlexZBoost [ Truth FlexZBoost Truth
5 1 Mode 52 1 Mode
< ---- Stack n(z) 9 ---- Stack n(z)
2
1 Z oA LS 1
0 —= i -
CMNN 8
2
1 2 1
2 = Il o
0 A
g
DNF
2 2
1 . 1
ok
. g
2 TPz b
N :
1 5 ! 1
0 )
g
2 GPz
2
1 [ L 1
e e,
g
BPz
2 2
1 1
e
0 g
2
1
o 0 :
2 3 2 3
Redshift Redshift

Figure 8. Comparisons of stacked redshift distributions estimated by each photo-z algorithm with the true redshift distributions for the ECDFS test set (left
panels) and the independent DESI cross-match in the SV_38_7 field (right panels). Each panel shows, for one algorithm, the stacked redshift distribution n(z)
(blue dashed lines) estimated from the photometric redshift PDFs, the histogram of point-estimate photo-z values (blue step lines), and the histogram of the true
redshift distribution (grey distribution). These plots demonstrate the ability of each algorithm to recover the underlying redshift distribution. All profiles in this
figure are normalized.

vs. redshift, e.g., the template-fitting methods tend to exhibit more LSST Y1 requirement on the mean redshift (The LSST Dark Energy
significant bias. We also noticed that the bias for BPz and DNF are Science Collaboration et al. 2018), highlighting the importance of

particularly significant at low redshift (zf < 0.5), while DNF pro- redshift calibration via techniques like clustering redshift (Newman
vides the lower bias, scatter, and outlier rate at the highest redshift. 2008). The scatter of the photo-z are within the LSST Y1 requirement
The bias of the photo-z algorithms across the redshift exceeds the for zger < 1.2.
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Table 2. Performance metrics for photo-z algorithms using 6-band DP1
data in the ECDFS field. Columns show the redshift bias E[Az], the scatter
measured by onmaD, the outlier rate 77915, and the tomographic binning
accuracy.

Algorithm E[Az] ONMAD  Mo.15  bin. acc.
FlexZBoost -0.0005  0.0280  0.117 0.781
kNN -0.0035  0.0379  0.149 0.689
CMNN 0.0001 0.0416  0.145 0.723
DNF -0.0001  0.0361  0.152 0.698
TPZ 0.0010 0.0547  0.138 0.689
GPz 0.0025 0.0551  0.204 0.634
BPZ -0.0179  0.0459  0.192 0.587
LePhare -0.0143  0.0400  0.171 0.628

The variety of performance at different redshift and magnitude
ranges means the optimal photo-z algorithm depends on the science
cases one wants to explore. This is a particular advantage of RAIL,
as it is relatively easy to compute photo-z by multiple methods.

In Fig. 6, we show the PIT-QQ curves of all methods we are eval-
uating. The general trend of the empirical CDF follows the identity
lines. However, we note that some methods are giving overconfident
error bars, e.g., CMNN. We also notice the template fitting methods
Bpz and LePhare have PDF skewed toward high redshift, thus a
PIT-QQ curve lower than the diagonal line.

In addition, we also train models using four-band photometry
(griz), and estimate the photo-z on the SV_38_7 field. We also eval-
uate performance for galaxy ensembles binned by redshift and mag-
nitude. We find that each of our photo-z algorithms performs well in
the range of z = 0.2 to 1.2. We refer readers to Charles et al. (2025)
for discussion of the performance with magnitude and redshift, and
details about the four-band photo-z.

4.3 photo-z Including Euclid NIR Photometry

We study the impact on the photo-z performance of using galaxies
with DP1 + Euclid NIR photometry, described in Section 2.2.3.
For simplicity, we only used the FlexZBoost algorithm, which was
trained and tested on this dataset both with and without the Euclid
NIR photometry.

In Fig. 7, we show the comparisons of the bias, scatter, and outlier
rate as a function of redshift for FlexZBoost with/without Euclid
NIR photometry. Since our train/test galaxies concentrate at redshift
z < 1.2, the infrared information does not significantly improve the
photo-z bias and scatter overall. We found considerable improvement
in the bias, scatter and outlier rate for test galaxies at zef > 1.2. To
study the full improvement of including near-infrared photometry in
LSST photometry, future studies need to obtain more high-redshift
reference samples to reduce the uncertainties of the metrics.

4.4 Redshift Distribution Estimation

In this section, we compare the redshift distributions predicted by
each photo-z algorithm against the true redshift distributions from
the reference sample. We evaluate both stacked n(z) estimates, ob-
tained by summing per-galaxy photometric redshift PDFs, and the
distributions of point estimates. These comparisons enable us to
evaluate the ability of each algorithm to recover the true redshift dis-
tribution, which is essential for robust weak lensing and clustering
measurements for DESC.

Fig. 8 shows the stacked n(z) and the mode histogram compared
to the true n(z) distribution for each algorithm. For the ECDFS test
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set with six-band photometry, most photo-z algorithms’ stacked n(z)
successfully recover the true redshift distribution. This suggests that,
given deep multiband data and a representative training set, both
machine-learning and template-fitting methods can provide reliable
ensemble redshift estimates. Again, we notice that the template-
fitting algorithms have a peak at redshift zf ~ 0.2, which may
be caused by misidentifying Lyman break galaxies as low redshift
Balmer break galaxies.

In the four-band SV_38_7 validation field, some machine-learning
methods exhibit imprints of the training set redshift distribution,
producing tails at high redshift that the true redshift distribution does
not have , as well as a spike at redshift z ~ 0.7. Fundamentally, this
is caused because the ECDFS training galaxies and SV_38_7 galaxies
have significantly different color-magnitude-redshift distribution. Of
all the methods, we find that the mode histogram of DNF best matches
the true distribution. Several of the stacked n(z) distribution exhibit
significant systematics that warrant further investigation, e.g., the
stacked n(z) of CMNN, GPz, and LePhare. Similar spikes can also be
seen in the stacked PDF of these methods, shown in Appendix A.

We note that all training and testing galaxies are drawn from a
relatively small field. Therefore, our photo-z are subject to training
set sample variance (Cunha et al. 2012) when applying the photo-z
algorithm to a different field, e.g., SV_38_7.

5 CONCLUSION

In this work, we use the Rubin Observatory’s DP1 dataset to demon-
strate the capability of RAIL to produce a photometric redshift for
LSST and DESC. These productss include per-galaxy PDF, their
point estimates, and ensemble n(z), using various machine-learning
and template-fitting algorithms.

We construct a reference set in the ECDFS and cross-match to DP1
galaxies, and cross-match the DP1 galaxies to Euclid and DESI to
obtain infrared photometry and external validation redshifts. The
cross-matched galaxies are used as training and testing galaxies
for the machine-learning models, and calibration galaxies for the
template-fitting methods.

We have demonstrated that the algorithms in RAIL can produce
photo-z results with promising accuracy and precision for real LSST
data. With a representative training set, the biases of the machine-
learning algorithms are less than 0.005, which is the LSST Y1 re-
quirement (The LSST Dark Energy Science Collaboration et al. 2018)
for overall redshift bias. The photo-z scatter can reach ~ 0.03 level,
below the LSST Y1 requirement of 0.1, and the outlier rate can
reach ~ 10% for a high SNR sample. We study the improvement
of photo-z by including the Euclid NIR photometry, and find mi-
nor improvement for photo-z bias and outlier rate at high redshift.
We demonstrate that the point estimate of the photo-z can be used
for tomographic binning, with FlexZBoost reaching 0.78 binning
accuracy. The stacked n(z) shows good agreement with the true dis-
tribution in the ECDFS test set. For the SV_38_7 field, we find that
the DNF point estimates result in the least biased n(z), while some
methods display a significant level of systematic error.

The results we present have several notable caveats that are worth
noting: The size and depth of the training set limit the robustness
of the photo-z past a redshift of z ~ 1.2. Some photo-z algorithms
perform poorly with non-detections in some bands. We undertook
limited effort in optimizing the hyperparameters of the algorithms,
so additional performance gains likely could be found in future work.
The red leak, i.e., non-zero infrared transmission, of the LSSTCom-



Cam g-band might impact the g-band photometry and the photo-z.
We do not expect this issue to arise in LSSTCam.

We identify several potential future improvements. To name a few:
(a) non-detection/negative fluxes in a subset of bands need to be
better handled by a few algorithms; (b) algorithm-specific quality
flags should be calculated and recorded; (c) combining different flux
measurements may provide additional flux information; this will be
explored in the future; (d) training set choices can be further examined
to maximize performance on the galaxies in Rubin’s object catalog.

In summary, this work lays a solid foundation for applying RAIL
to real LSST datasets. The DP1 photo-z results show promising
results for future analysis. The work demonstrates the readiness of
the pipeline, but it also highlights some areas that require future
progress.
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DATA AVAILABILITY

The DP1 photo-z data products can be accessed in several ways.

Rubin Science Platform

DP1 photo-z data can be accessed at the Rubin Science Platform!!.
During the DP1 commissioning, we have demonstrated functionality
to a) ingest model files produced by training the various algorithms in
the Rubin Data Butler (Butler), b) use the Rubin Data Management
software stack along with photo-z specific plugins ' to produce pre-
object PDF estimates in the data management framework, with the
estimates automatically being written to the Butler, ¢) retrieve those
p(z) estimates as we would retrieve any other Rubin data product.
Work is ongoing to fully support this functionality in Rubin Data
Preview 2 (DP2), with the estimates for the kNN and BPZ algorithms
being supported and distributed by the Rubin Observatory for DP2,
and other algorithms being supported and distributed by the Rubin
science community.

1 data.lsst.cloud
12 https://github.com/1sst-dm/meas_pz
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Photo-z Server

The Photo-z Server '3 is a web-based service available for the LSST
community to create and host lightweight PZ-related data products.
All data products described in this document will be hosted on the
Photo-z Server, along with their respective metadata and documen-
tation. A list with access instructions and links to product pages will

be available on the data product documentation page '4.

LSDB

The Large Scale DataBase (LSDB) (Caplar et al. 2025) hosts DP1
data as well as the photo-z point estimates from this work at https:
//data.lsdb.io/#Rubin_DP1/object_photoz.
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APPENDIX A: STACKED PDF OF ALL GALAXIES

In Figure A1, we show the stacked PDF of all galaxies in all four
DP1 fields, binned by their i-band magnitude. The faint galaxies
have overall higher redshifts, which follows the empirical expecta-
tion of a magnitude-limited sample. We can see signs of overfitting
for FlexZBoost and kNN at high redshift, as those peaks match
across the fields and are likely not real. The double peak feature that
appeared in our training set is imprinted onto most of the stacked
PDFs. This highlights the importance of smoothing out the training
set by reweighting and resampling in the future.

This paper has been typeset from a TRX/IATEX file prepared by the author.
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Figure A1l. Stacked PDF of all DP1 gold samples in the four fields with multi-band observation, from all eight of our algorithms. The galaxies are binned into
a bright bin (i € [18,22], blue lines) and a faint (i € [22,24.5], red lines). The stacked PDFs of machine learning methods show the imprint of the training
sample.
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