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Abstract

Using a combination of self-organized maps (SOM) to perform prototype learning
and astronomical foundation models to provide embeddings, we present an analysis
of a new photometric redshift model for the DESI Legacy Survey footprint. Using
the groupings learned by our SOM, we investigate the role local training-sample
density plays into performance. The SOM can be used to flag samples that users
request which lie outside the distribution of training data, or those examples
which are known to belong to volumes of input data-space where the model under-
performs. The proposed flag could help scientists better understand the performance
of our model on their specific sample to make educated decisions tailored to their
downstream analysis.

1 Introduction

The redshift of galaxies is a fundamental observable used to probe the nature of dark matter and dark
energy. Due to the expansion of the universe, modern cosmology allows us to relate the redshift
of photons to the approximate distance an object was from Earth when the light was emitted (S
Dodelson, [2003). Measuring redshifts/distances is critical, because it allows us to understand the
context of object’s environments (R. J. Foley & K. Mandel, |2013)), how far back in time the object
is being observed (P. J. E. Peebles| |1993), and map out correlation in galactic locations ( DESI
Collaboration et al.,[2024). While measuring redshift using spectroscopy is the gold-standard, it is
also expensive and can not scale to the number of galaxies needed for next generation analyses (J. A|
Newman et al., 2015]).

Photometric redshift algorithms address this scale issue by estimating galactic redshifts using photom-
etry (astronomical images or derived data products) rather than spectroscopy. Photometry is a much
faster measurement than spectroscopy, but unfortunately does not contain the spectral resolution
necessary to observe individual absorption/emission lines to measure redshift directly (M. Salvato
et al., 2019). Instead, photometric redshift algorithms model the expected flux received in large
pass-bands from a template library of spectra (S. Arnouts & O. Ilbert, 2011; [R. Feldmann et al.,
2006; M. Bolzonella et al., [2011) or simply regress the redshift given the labeled data from past
spectroscopic surveys using machine learning (A. Collister & O. Lahav} 2003} |R. Beck et al., 2016
M. Bilicki et al., 2018} |A. H. Wright et al.} 2019; J. Pasquet et al.| 2019).
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One open issue is that the available spectroscopic data is incomplete and biased towards volumes
of galactic feature space that are targeted by various surveys for their individual science goals (J. A
Newman et al.,|2015). For the end-users of these photometric redshift models, we need to characterize
the available data distribution to understand where models can and can not be trusted.

In this work we evaluate the performance of a photometric redshift model trained from the embeddings
of a new astronomical foundation model AIONS (L. Parker et al., 2025), evaluated in bins of color
space from a self-organized map (SOM) (T. Kohonen||1982). Our primary motivation is to develop a
flagging algorithm to alert users that the requested galaxy is either not well-represented in the training
data or known to be similar to under-performing galaxies to enable scientists to make informed
decisions for their own analyses.

2 Methods

Data Preparation. We combine spectroscopic data from an extensive list of surveys including
the Dark Energy Spectroscopic Instrument (DESI) ( DESI Collaboration et al., | 2025) and the Sloan
Digital Sky Survey (SDSS) (A. Almeida et al.;[2023). We make cuts to select for high quality redshift
measurements from spectra of galaxies, following standards from previous work(R. Beck et al.| [2021}
A. Engel et al, [2025). See appendix [C]for visualization of the redshift distribution from each survey.
The total number of spectroscopically identified galaxies is around 16 million.

Using the sky-coordinates given by the spectroscopic surveys, we query the DESI Legacy Survey
(A. Dey et al, [2019) cutout service for 42"-square (equivalent to 160-pix) image cutouts for g,r,z,
and z-band photometry. Samples which do not have overlap with the DESI Legacy Survey footprint
are removed, leaving approximately 12 million viable datapoints. We then cross-match these sky-
coordinates with a 2" circular aperture to find nearest-neighbor match within the DESI Legacy Survey
catalog, recording the flux in the optical and infrared, shape measurements, galactic extinction (D. J|
Schlegel et al.l|1998)), and photometric redshift estimates from R. Zhou et al.| (2023a)). We additionally
query for these same photometric catalog features of 18 million random galaxies from the DESI
Legacy Survey catalog, which form the representative sample to train our SOM upon. To summarize,
we have three data types: redshifts which come from spectroscopy, image cutouts, and pre-calculated
features summarizing those images from astronomical catalogs.

Spectroscopic Completeness and Self Organized Maps. This work seeks to understand the set of
spectroscopically observed galaxies in the redshift region z < 1.6 in relation to a random, fiducial
sample of galaxies. We utilize a self organized map (SOM), to perform prototype learning. See
section 3.1 of (A. Campos et al., [2024) for a quick introduction to the algorithm; pertinent to our
discussion here, SOMs learn a grid of prototypes while also maintaining a sense of similarity between
neighboring cells on that grid. SOMs have been used to understand spectroscopic completeness
for weak lensing samples (D. Masters et al., 2015)), and to understand performance local to a set
of relatively bright galaxies (E. R. Moran et all 2025). We train our SOM on the catalog-level
photometry for samples in the DR10-south (those including i-band photometry) rather than the
features we could extract from the images using AIONS in this version of the work. At time of
writing, we are working towards downloading and preparing a full-image dataset of random galaxies
which could be used to train the SOM on the feature-vectors from AIONS directly, but was not yet
complete. Part of our choice to use SOMs for this analysis is their familiarity to the target audience of
astronomers; evaluating other choices for similarity or anomaly search is beyond our scope. Studying
the relationship between sample-density and photometric redshift estimation performance is novel,
and is our main focus.

Astronomical Foundation Models & Downstream Training. Computer vision astronomical
data foundation models have become available in the last four years, embedding images to high
dimensional latent spaces (M. Walmsley et al., 2024} M. J. Smith et al., 2024; M. A. Hayat et al.,
2021). Such models are typically pretrained under self-supervision. In this work we evaluate
the AIONS-small pretrained foundation model (300 million parameters). AIONS utilizes the 4M
multi-modal architecture (D. Mizrahi et al.2023), which allows it to selectively include whatever
observables are available for any particular object. In the DESI Legacy Survey DR10, i-band images
are not available for the Northern sky. This would typically mean one would need to train individual
models to handle the change in available data (or deal with a large amount of missing data). The



flexibility in AIONS means that we can supply the same model with g, 7, z band images for the
northern sky, and g, r, ¢, z band images for the southern sky without a change of architecture or
retraining.

While the AIONS research paper reports photometric redshift performance, that work did not report
the performance using the standard metrics used in this field, making it difficult to understand the
performance of that model in the context of well known models. As an additional contribution, we
report the performance of the AIONS model on this task and compare against with the DESI Legacy
Survey’s photometric redshift model (R. Zhou et al.|2023a). The DESI Legacy Survey photometric
redshift model is a Random Forest trained on catalog-level features derived from the images, so
the relevance of this comparison is to answer whether the additional complication of having an
image-to-redshift pipeline is worth the effort.

Foundation models are used to create rich embeddings for downstream models. In this work, we train
a 4-layer densely connected neural network to map from the space of embeddings to a 200 width
output layer representing a coefficient expansion for a mixture of evenly spaced (and appropriately
truncated) Gaussians with static standard deviation 0.0037. We interpret the resulting mixture of
Gaussians as the network’s estimate of the conditional density of redshift given the imaging data
P(2]|X). Our network is trained to minimize the continuous ranked probability score (J. E. Matheson
& R. L. Winkler, |1976)), which can be evaluated through the interpretation of our model’s output
as P(2]X). We holdout 10% of the data for hyperparameter tuning and an additional 10% for final
performance measurement.

Metrics for Performance. The photometric redshift community has established guidelines for
the evaluation of models that we adopt in this work (S. Schmidt et al.|[2023). Due to the variety in
analyses that rely on photometric redshifts, there is no one specific metric that determines what the
"best" photometric redshift model is (S. J. Schmidt et al.,2020). Commonly used metrics quantify
the scatter of the residuals using the median absolute deviation (MAD), the bias of the residuals,
and the number of catastrophic outliers, 1 as the percentage of residuals with value greater than
0.15. We define Z; to be the estimate of redshift z; for the i-th galaxy. Then the scaled residual
is Az; = % It is common practice to use this scaled residual to account for the expected
dependence of performance on redshift. The MAD is then computed as 1.4826 x MED(|Az;]|),
where MED denotes the median over galactic index ¢, and the scaling term makes MAD have value 1

in expectation for data sampled from the unit normal distribution. Bias is computed as (Az;), and

catastrophic outliers n = %.

Since our model outputs an estimate of the conditional density estimate P(Z|X ), we also quantify
the number of probabilistic catastrophic outliers (PCOs) as those whose true redshift falls outside the
inner 99% confidence region of P(%|X). For properly calibrated models, this value should of course
be 1% of all datapoints. However, it is of interest to observe whether the probabilistic calibration of
the model is dependent on the region of color-space.

3 Results

Performance of Foundation Models on Photometric Redshift Estimation Task. We trained a
mixture density network using a continuous ranked probability score loss to learn the mapping from
galaxy photometry to an estimate of the conditional probability density of redshift, P(%|X). These
probability densities can be used quantify the uncertainty, can represent multi-modality, and can be
used to estimate a photometric redshift point prediction, 2 = (P(z|X)). We report the performance
of our model in Table 3] and compare to the official DESI Legacy Survey DR10 photometric redshift
model on a matched subset of our test-dataset. We further visualize the performance using predicted vs
observed value plots, and visualize the calibration of our model using a probability integral transform
plot. Both are available in appendix [D| Our model is better calibrated (evaluated on the ensemble of
datapoints), has a lower bias, less catastrophic outliers, but does not match the performance of the
simple tabular model of R. Zhou et al.|(2023a)) in terms of scatter (MAD).

Is Local Density Predictive of Performance? Using the SOM we trained on a random selection of
DESI LS DR10 galaxies, we evaluate whether the local density of available training data improves the
performance of the model. In Figure [I|we demonstrate that scatter, 77, and PCOs do trend downward



Model | MAD Bias  7(%) PCO(%) R?
AIONSMDN [ 0.029 -0.006 3.90% 1.40%  0.88
Zhouet. al, 2019 | 0.024 -0.013 4.91% 2.15%  0.84

Table 1: Point-performance measures of our mixture density network (ADN) trained on AIONS
embeddings compared with the official DESI Legacy Survey photometric redshift model on a matched
subset of our test dataset. Despite the increased complexity of the AIONS pipeline, e.g., its masked-
pretraining and computer vision capabilities, we achieve only modest performance gains in Bias,
catastrophic outlier rate, and in fact do worse in scatter (MAD) when evaluated globally. Our R? value
is lower than what the AIONS authors report for their photometric redshift estimation performance;
however, this is expected due to the change in population of galaxies we choose to include in this
work.

with increased training samples. We also identify cells that have a statistically significant deviation
from the performance measure evaluated over the entire dataset. A plot of the SOM cells evaluated
on the test dataset for each performance measure is available in the appendix [E] allowing one to
visually see the connection between color and different aspects of the dataset. Higher count cells tend
to be those with lower redshift. While we accounted for the expected heterogeneity of performance
by scaling our residuals with fzz_, our the model’s performance and uncertainty remains dependent
upon the redshift (i.e., remains heteroskedastic). We discuss the implications of this result in the
following discussion.

4 Discussion

Flagging Under Performing cells to Users. Our primary goal was to determine whether SOMs
could be used flag under-performing cells to users of photometric redshift algorithms. Given the
statistically significant deviation from global performance measured in cells, we have determined
there is meaningful information to be gained in such a flagging-system. We visualize examples from
16 different cells that have statistically significant and large in magnitude bias away from the global
average value of bias in our residuals in appendix 2} demonstrating how these flags could be used to
identify under-performing sub-spaces. Continuing work would study how users could set thresholds
for performance depending on the needs of their own analysis.
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Figure 1: We plot performance measures against the cell’s occupancy of training data (count). We
estimate error bars from our sample using a bootstrap and plot the horizontal line representing the
performance measure estimated from the entire test set. The red dashed lines are the 1-o confidence
interval representing the statistical noise expected from calculating the global-value of the metric
from a sample of size equal to the count. The MAD, 1 and PCOs slightly trend to better scores
with increasing training size, but there remain outliers of cells with statistically significant under-
performance even at high training data count. This demonstrates that performance does generally
trend with increased training density, albeit slowly. In this image we have masked out cells with no
outliers for clarity of the general trend, see Figure §]for a version with these points included.
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B Flagging Samples for Photometric Redshift Estimation.

In this appendix we include Figure[2] where we visualize samples from cells that our SOM method
would flag.

C Spectroscopic Data Distribution

In Figure [3]we plot the distribution and provide a total count from each of the 20 different spectro-
scopic surveys used to assemble our training targets, including 2dF (M. Colless et al.,|2003), 6dF
(D. H. Jones et al.| [2009), DESI DR1 ( DESI Collaboration et al.,[2025)), ELVES (S. G. Carlsten et al.}
2022), GAMA (J. Liske et al.} 2015), HectoMAP (J. Sohn et al., |2023)), HetDEX (E. Mentuch Cooper
et al., 2023, LAMOST (G. Zhao et al.,[2012), OzDES (C. Lidman et al.,[2020), PRIMUS (A. L. Coil
et al.,2011), SAGA (Y.-Y. Mao et al.|[2024), SDSS (A. Almeida et al.,2023), SMUDGes (D. Zaritsky
et al.,|2019), VIPERS (M. Scodeggio et al., 2018), WiggleZ (D. Parkinson et al.}, 2012), Deep2/3 (J. Al
Newman et al.,[2013 M. C. Cooper et al.| 2011}, and VVDS ( Le Fevre, O. et al.,[2013)). We note
that the total distribution is dominated by DESI and SDSS observations, which include components
that are magnitude-limited down to r < 19.5 and r < 17.77, respectfully (H. Aihara et al., 2011} |IC|
Hahn et al.| 2023). Beyond these limits, the surveys become color-selected towards large red galaxies
(B. Reid et al., 2016} R. Zhou et al.,|2023b) and emission line galaxies (A. Raichoor et al., 2023).

D Expanded Visualizations of Photometric Redshift Performance

We include an expanded series of visualization to explore the performance of our photometric redshift
model. In Figure [d we visualize the Z vs z plot using a Kernel Density Estimate to visualize the
distribution of samples. Using our estimate of the conditional density estimate P(2|.X) we plot a
random selection of point estimates and their 90% confidence regions as error bars. In Figure 5]
we plot the same KDE but overlay points that whose estimates 99% confidence interval exclude
the true value, to get a sense of where these probabilistic catastrophic outliers (PCOs) lie in target
space. Finally, in Figure[6] we plot the probability integral transform, which is simply a histogram
of the cumulative density function evaluated to the true value across all of our conditional density
estimates. If the model was perfectly calibrated, the PIT histogram would fall along the dashed
horizontal line. Our model tends to be overconfident with large overabundance at the outermost
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Figure 2: Each subplot shows a unique galaxy from our labeled dataset from a unique cell that has
statistically significant deviation from the global bias value across all samples. We argue that feature
space local to these cells is under performing the model’s average, therefore, when a user requests
a photometric redshift on a galaxy falling into one of these cells, that user should be alerted to the
possibility of bad performance. If we take these examples to be indicative of the kinds of objects
in their cells, we see that many cells may be astronomical blends which could explain their bad
performance. However, some cells also seem to be of relatively bright and nearby objects, where one
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might expect the model to perform well. We leave these investigations to future work.

histogram bins, representing PCOs. This is common of many photometric redshift algorithms, see

Euclid Collaboration et al.| (2020).

E

In Figure [7] we visualize the SOM cells overlaid with the performance measures as well as the
spectroscopic training data in each cell and the average redshift in the cell.

SOM visualization
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Figure 3: We combine spectroscopy from a broad range of surveys, visualizing the normalized
distribution from each component survey in the right half of the plot, and the total combined
distribution on the left side. In each subtitle, we list the survey name and N, the number of datapoints
used from that survey. Actual usage in this work depends upon the availability of DESI LS DR10 data,
which cuts our sample size down to 12e6 samples. Many of these surveys seek to characterize the
distribution of galaxies to perform cosmology, so become color-selected to maximize science return.
To some degree, these surveys and auxillary observations may be complimentary, providing spectra
for different parts of the galactic feature space. The goal of this paper could be said to determine
whether local to those sub-populations, can we trust photometric redshift models, despite the fact that
the entire distribution is knowably biased towards specific color spaces.

F Performance Measures Figure with Zero Outlier Cells

This appendix contains Figure [8] which shows the main figure of the paper including datapoints
excluded to simplify the visualization.
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AIONS Photo-Z Credible Regions
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Figure 4: AIONS estimation vs observation plot using a gaussian kernel density to visualize the
distribution of points. The y-error bars are sampled randomly and we visualize them as the inner 90%
confidence interval from our conditional probability estimate.

AIONS Photo-Z -- 1% Outliers

Figure 5: AIONS estimation vs observation plot using the same gaussian kernel density as in Figure[d]
but now sampling points which are evaluated to be >99% outliers based on our conditional probability
estimate. Notice that the distribution of points has shifted to nearby objects which appear far away
(possibly low surface brightness objects) and high redshift objects that the network is unable to
constrain.
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Figure 6: AIONS Probability Integral Transform. The outermost histogram bars have been widened
for readability. The PIT is a commonly used visual metric in the photometric redshift community to
visualize the probabilistic calibration of the model; it can be thought of as a kind of QQ plot. The PIT
plot indicates our model has an over abundance of outliers that are more likely to be over-estimated

than under-estimated.
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MAD in Cell BIAS in Cell

Figure 7: We visualize the SOM cells overlaid with MAD (upper left), bias (upper right),  (middle
left), probabilistic catastrophic outliers (middle right), the log of spectroscopic training data in each
cell (bottom left) and the average redshift of the galaxies within the cell (bottom right). These
visualizations highlight the locality of populations of galaxies with different redshifts across colors.
It highlights the general correlation of superior performance with lower redshift. While this is to
be expected as high signal-to-noise ratio galaxies might be expected to be expected to be the most
nearby sample, is it unfortunate, as the residuals remain heteroskedastic with the target variable,
complicating analyses using our model. The values of cells are clipped so as to keep a sensible
dynamic range for the color maps.

15



Scatter vs Count Bias vs Count

oal T Global MAD=0.029 0.2
' ---- Standard Error of STD .
14
0.31 0.0
2 g o]
= 0.21 D _0.21
—0.3
0.1
—0.491-—- Global BIAS=-0.006
0.0 -0.54 ---- Standard Error of Mean
10! 162 163 104 105 10! 162 163 104 10
n vs Count PCO vs count
1001 -—- Global n=3.90 1007 -—- Global PCO=1.41
---- Poisson Noise ---- Poisson Noise
80 80
S I
— ~ 60 f
< O 40-
]
o
20
O.
100 102 10°  10*  10° 100 102 10°  10*  10°
Cell Count [log] Cell Count [log]

Figure 8: We plot the same data as in Figure[T|but do not mask out the cells which contain no outliers.
For low cell count, these miraculous cells can be explained by simply, randomly, having no outlier in
the cell. There are also cells which seemingly constrain very bright galaxies that should be easy for
the algorithm to recognize as nearby. Additional work is needed to completely characterize these
cells and understand whether these are the same cells which have near 0 MAD.
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