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ABSTRACT

Modern wide-field surveys such as SDSS, DES, HSC-SSP,
Euclid and LSST are generating petabyte-scale datasets that
require accurate and scalable photometric redshift (Pz) es-
timation. Although existing ML and DL methods have
improved Pz prediction, most existing approaches provide
limited uncertainty quantification and do not account for the
varying scientific impact of prediction errors. Reliable mod-
eling of both prediction accuracy and uncertainty is essential
for cosmological applications including weak lensing, galaxy
clustering, dark energy studies and galaxy evolution. We pro-
pose UnAPNet (Uncertainty Aware Photometric Redshift
Estimation using ResNet and Spectral Normalized Neural
Gaussian Process (SNGP)), a unified framework that jointly
models aleatoric uncertainty from observational errors and
epistemic uncertainty arising from model and data limita-
tions. UnAPNet combines a ResNet-based Regressor with
an SNGP-based Uncertainty Estimator and directly incorpo-
rates catalog-level photometric measurement errors as input
features. In addition, we introduce a LSST-guided domain-
aware loss function that assigns progressively larger penalties
to outliers and catastrophic outliers, improving robustness
against severe prediction failures. We evaluate UnAPNet on
the HSC-SSP dataset, a representative precursor to LSST.
Using metrics including RMS, bias, catastrophic outlier frac-
tion, and normalized epistemic variance, we demonstrate that
UnAPNet delivers competitive Pz accuracy together with
well-calibrated uncertainty estimates even in higher redshift
ranges 0 < Pz < 3.99. The proposed approach substantially
improves prediction reliability and uncertainty calibration,
achieving performance close to LSST Science Requirements
and highlighting the promise of uncertainty-aware deep learn-
ing for next-generation cosmological surveys.

Index Terms— Astronomy, Photometric Redshift, Un-
certainty, Large Scale Surveys

1. INTRODUCTION

Modern wide-field astronomical surveys such as SDSS, DES,
HSC-SSP, Euclid and LSST are generating petabyte-scale
datasets containing billions of celestial objects [1]. These

surveys provide unprecedented opportunities to study galaxy
evolution, dark energy, and the large-scale structure of the
universe. A fundamental requirement for such studies is ac-
curate redshift estimation [2]. Redshift characterizes the shift
of spectral lines due to the Doppler effect and the expansion
of the universe. Receding sources exhibit a displacement
toward longer wavelengths, whereas approaching sources
show a shift toward shorter wavelengths. As these spectral
shifts serve as key indicators of an object’s velocity and dis-
tance, redshift estimation plays a pivotal role in studying the
large-scale structure and evolution of the universe. Although
spectroscopic redshifts are highly accurate, obtaining them
for billions of objects is time consuming and challenging [3].
Consequently, photometric redshift (Pz) estimation, derived
from multi-band imaging data, has become an essential and
scalable alternative.

Existing Pz estimation methods can be broadly classified
into template-fitting and empirical approaches. Template-
fitting techniques [4] estimate redshifts by matching the
observed photometry band fluxes with spectral energy dis-
tribution (SED) templates, offering physical interpretability
but suffering from template incompleteness and systematic
biases. Empirical methods, including machine learning (ML)
and deep learning (DL) models [5], learn the mapping be-
tween photometric features and redshift from spectroscopic
training samples and often achieve superior predictive perfor-
mance. However, their effectiveness depends strongly on the
quality, completeness, and representativeness of the training
data, particularly at high redshifts where labeled samples are
scarce. Although hybrid methods [6] attempt to combine the
strengths of both approaches, challenges related to biased
training samples, photometric uncertainties, and distribution
shifts remain. Beyond accurate redshift prediction, reliable
uncertainty quantification [7] has become increasingly impor-
tant for downstream applications such as weak gravitational
lensing, galaxy clustering, dark energy studies, and galaxy
evolution analyses. Most conventional ML-based Pz estima-
tors [8] [9] provide only point estimates and do not adequately
characterize their associated uncertainties, potentially leading
to biased scientific inferences.

Uncertainty in Pz estimation arises from two primary
sources [10]: aleatoric uncertainty, which originates from



observational noise, calibration errors, and missing band
information, and epistemic uncertainty, which results from
model limitations, incomplete training data coverage, and
distribution mismatch. While aleatoric uncertainty is inherent
to the data acquisition process, epistemic uncertainty can be
reduced through refining model architecture and augmenting
more representative training datasets. Since modern astro-
nomical surveys generally record observational uncertainties
associated with both photometric and spectroscopic mea-
surements, these uncertainties can be explicitly exploited to
develop uncertainty-aware Pz estimation models.

Motivated by the significance of reliable uncertainty
quantification, several probabilistic approaches for Pz estima-
tion have been proposed in recent years including Bayesian
Neural Networks (BNNs) [7], GPz [11], ANNz2 [12], and
more recently Starkindler [13]. These approaches provide
uncertainty-aware Pz estimates, with BNNs offering pre-
dictive uncertainties, GPz modeling heteroscedastic noise,
ANNz2 generating redshift probability density functions, and
Starkindler incorporating spectroscopic redshift uncertainties
directly into training. Together, they highlight the growing
role of uncertainty-aware learning in Pz estimation.

Despite these advances, key limitations remain. Most
existing methods focus primarily on either aleatoric or epis-
temic uncertainty rather than modeling both jointly. BNNs
and Gaussian Process-based approaches provide principled
uncertainty estimates but often face computational and scala-
bility challenges for large surveys. In addition, many methods
do not fully utilize observational uncertainties available in
survey catalogs. Furthermore, the state-of-the-art approaches
typically do not account for the severity of prediction errors
during training, treating all errors uniformly regardless of
their scientific impact.

To address these challenges, we propose Uncertainty
Aware Photometric Redshift estimation using ResNet and
Spectral Normalized Neural Gaussian Process (UnAPNet)
framework, that explicitly accounts for both aleatoric and
epistemic uncertainties. UnAPNet combines a Residual Neu-
ral Network (ResNet) model [14] and a Spectral Normalized
Neural Gaussian Process (SNGP) model [15]. The ResNet
model estimates Pz, while the SNGP model provides uncer-
tainty estimates by measuring the confidence of predictions
with respect to the training data distribution. The ResNet ar-
chitecture has demonstrated remarkable success in extracting
hierarchical representations from complex data and mitigat-
ing optimization difficulties in deep networks. The SNGP
framework augments deep neural networks with Gaussian
process-inspired uncertainty estimation capabilities while
maintaining computational efficiency. Also, we introduce a
domain-aware loss function in the UnAPNet that penalizes
prediction errors according to their scientific impact. Based
on the LSST Science Requirements [16], prediction errors
are categorized as inliers, outliers, and catastrophic outliers.
The loss increases with error severity, generating stronger

optimization gradients for highly erroneous predictions, thus
improving the model robustness.

Compared with existing methods, UnAPNet directly ex-
ploits catalog-level photometric uncertainties, provides scal-
able epistemic uncertainty estimation without costly Bayesian
inference, and generates reliable confidence measures along-
side accurate redshift predictions. These capabilities make
it particularly well suited for next-generation cosmologi-
cal surveys, where uncertainty quantification is as critical
as predictive accuracy. We demonstrate that this unified
ResNet-SNGP framework improves both Pz estimation and
uncertainty calibration on large-scale astronomical datasets.
We evaluate UnAPNet using the Hyper Suprime-Cam Subaru
Strategic Program (HSC-SSP)1 dataset, which is widely re-
garded as the representative of the forthcoming LSST survey.
We report the catastrophic outlier, RMS, bias and normalized
epistemic variance, and benchmark these metrics against the
LSST Science Requirements Document (SRD) [16]. The
proposed framework achieves performance approaching the
LSST SRD thresholds.

2. DATA AND METHODS

2.1. Dataset used

Our objective is to estimate the Pz and the predictive uncer-
tainty associated with it for large scale surveys. Here, we
have used the Hyper Suprime-Cam Strategic Survey Program
(HSC-SSP) catalog. This survey is considered to be a rep-
resentative of the Legacy Survey of Space and Time (LSST)2

whose first light was received on June 2026. The dataset com-
prises of 286401 samples including galaxies and quasars.

2.2. Network Architecture

Our proposed network architecture, UnAPNet, consists of
two modules - Regressor and Uncertainty Estimator as shown
in Fig 1. The Regressor module is responsible for Pz estima-
tion (zphot), while the Uncertainty Estimator module quan-
tifies the uncertainty (zphot un) associated with the redshift
predictions generated by the Regressor module. In this work,
for Pz estimation, the Regressor module employs a ResNet
architecture [14] without a classifier head. To assess the pre-
diction uncertainty, the Uncertainty Estimator module utilizes
the Spectral-normalized Neural Gaussian Process (SNGP)
framework [15]. The primary objective of our approach is
to account for both aleatoric and epistemic uncertainties in
Pz estimation. Aleatoric uncertainty arises from inherent
noise and measurement errors in the observational data. To
incorporate this source of uncertainty, we provide the obser-
vational errors associated with the grizy bands as additional
inputs to the ResNet model. Epistemic uncertainty, on the

1https: //zenodo.org/records/5528827
2https://rubinobservatory.org/explore/how-rubin-works/lsst



Fig. 1. UnAPNet framework: Consists of a Regressor module and an Uncertainty Estimator module. grizy band photometry
data alongwith its associated observational error (g err,r err,i err,z err,y err) are fed as input to the UnAPNet. The Regressor
predicts the photometric redshift (zphot) and the Uncertainty Estimator provides the normalized variance uncertainty (zphot un)
in estimating zphot. The Regressor can be any ML/ DL model. Here, we have used ResNet. The Uncertainty Estimator used is
Spectral Normalized Neural Gaussian Process.

other hand, stems from the limited knowledge of the under-
lying data distribution and potential model misspecification.
To capture this uncertainty, we employ the SNGP model,
which estimates the confidence of the ResNet predictions
and provides an uncertainty measure corresponding to the Pz
estimates.

Regressor Module: In this module, we have employed
Residual Neural Network (ResNet), a deep neural network ar-
chitecture designed to facilitate the training of very deep mod-
els through the use of residual learning. Each residual block
learns a residual function G(x), and the output is computed as
zphot = x+G(x), where x denotes the input feature map in-
cluding grizy band photometry data and the error in observa-
tion associated with each band (g err,r err,i err,z err,y err),
and G(x) comprises a sequence of convolutional, normal-
ization, and activation layers. The identity skip connections
improve gradient flow during backpropagation, mitigating
vanishing-gradient issues and enabling the learning of rich
hierarchical feature representations. For regression task, the
final layer is replaced with a fully connected output layer that
predicts continuous-valued targets. The network is trained by
minimizing the loss function, allowing it to learn the mapping
between input features and continuous output variables. In
this study, ResNet without the classifier head is employed as
a feature extraction backbone to learn robust representations
for accurate regression prediction.

Uncertainty Estimator: Conventional deep neural net-
works can assign high-confidence predictions to out-of-
distribution samples. Spectral-normalized Neural Gaussian
Process (SNGP) addresses this limitation by making the
neural networks more distance-aware, increasing prediction
uncertainty as samples deviate from the training data distri-
bution. SNGP enhances a deterministic neural network with
reliable uncertainty estimation by combining spectral nor-
malization and a Gaussian Process (GP) output layer. First,
spectral normalization constrains the spectral norm (largest
singular value) of each layer’s weight matrix, encouraging
an approximately bi-Lipschitz, distance-preserving repre-
sentation where distances between inputs are reasonably

maintained in the latent space. This preserves the geomet-
ric structure of the training data, ensuring that latent-space
distances remain meaningful indicators of similarity and en-
abling more reliable identification of in-distribution versus
out-of-distribution inputs through improved uncertainty es-
timation. Second, SNGP replaces the conventional dense
output layer with a Gaussian Process (GP) layer, which
provides predictions alongwith well-calibrated uncertainty
estimates. Since Gaussian Processes are inherently distance-
aware, their predictive uncertainty naturally increases as a
test sample moves farther from the training data. To make
this approach scalable for deep learning applications, SNGP
employs an efficient GP approximation based on random
Fourier features and a Laplace-approximated posterior, en-
abling computationally efficient training and inference while
preserving the GP’s ability to quantify uncertainty for out-of-
distribution and sparsely observed regions of the input space.
By combining distance-preserving latent representations with
a distance-aware Gaussian Process output layer, SNGP pro-
duces more reliable and well-calibrated uncertainty estimates
(zphot un) that reflect a model’s familiarity with a given input.
This improves robustness, calibration, and out-of-distribution
awareness, achieving uncertainty estimation performance
comparable to ensemble methods while requiring only a sin-
gle model and a single forward pass, making it efficient for
large-scale real-time applications.

2.3. Experimental Setup

Dataset Preprocessing: We used the HSC-SSP catalog. For
each sample, we considered the grizy band photometry flux
data and the associated error in observation with each pho-
tometry band. The selected dataset comprises of samples
spanning within the redshift (z) range of 0 < z < 3.99. We
randomly split the dataset in 80 : 20 for training and testing.

Performance metrics: We have evaluated our proposed
model using four performance metrics as defined in the LSST
SRD - outlier (O), catastrophic outlier (Oc), bias (b), and
RMS (rms). These are computed using Eqs. 1–4, where zspec



and zphot denote the ground truth spectroscopic and predicted
photometric redshifts, respectively, and n is the sample size:

O =
|zphot − zspec|

1 + zspec
(1)

Oc = |zphot − zspec| (2)

b =
zphot − zspec
1 + zspec

(3)

rms =

√√√√ 1

n

n∑
i=1

(
ziphot − zispec

1 + zispec

)2

(4)

A sample is identified as an outlier if O > 0.15 and as a catas-
trophic outlier if Oc > 1.0. As per the LSST standards, the
thresholds should be: rms < 0.2, b < 0.003, and a catas-
trophic outlier fraction Oc < 10% of the total sample.

Loss Function: We classify the prediction error, E, into
three categories: inlier(Ein), outlier(Eout) and catastrophic
outlier(Ecout). An error is considered an inlier when E ≤
0.15, an outlier when 0.15 < E ≤ 1, and a catastrophic out-
lier when E > 1. These thresholds follow the LSST SRD
guidelines, with severity increasing as Ein < Eout < Ecout.

To reflect this severity hierarchy, the proposed loss (L)
function (Eq 5) combines three components: Lin, Lout and
Lcout corresponding to loss caused by inliers, outliers, and
catastrophic outliers, respectively. Higher-error categories are
assigned larger weights (w1 ≤ w2 ≪ w3), with Lcout receiv-
ing the highest weight(w3) and Lin the lowest(w1). The out-
lier and catastrophic outlier terms are conditionally activated,
using indicators I1 and I2, only when the prediction error falls
within their respective ranges, enabling stronger penalization
of severe errors. I1 is activated when O ≥ 0.15 and I2 is ac-
tivated when Oc ≥ 1. As the error increases, the loss grows
proportionally, generating larger gradients and driving more
substantial parameter updates during optimization.

L = Lin + Lout + Lcout

=

n∑
i=1

{w1log2(
exp(ziphot − zispec)∑n

j=1 exp(1 + zjphot − zjspec)
)

+ w2I1log2(
exp(ziphot − zispec)∑n
j=1 exp(1 + zjspec)

)

+ w3I2log2(exp(z
i
phot − zispec))}

(5)

I1 = 1 if exp(
ziphot − zispec
1 + zispec

) ≥ exp(0.15)

= 0 otherwise

I2 = 1 if exp(ziphot − zispec) ≥ exp(1)

= 0 otherwise

w1 + w2 + w3 = 1

w1 ≤ w2 ≪ w3

The loss formulation uses an exponential function to make
it insensitive to the sign of the error, while a logarithmic term
prevents excessively small loss values. Each component ex-
pression is derived intuitively by keeping the actual defini-
tion of inliers, outlier (Eq 1) and catastrophic outlier (Eq 2)
in mind, ensuring that the network focuses on reducing high-
severity prediction errors during training.

Uncertainty estimation: Aleatoric uncertainty is incor-
porated as an input to the model, while predictive uncertainty
is estimated using SNGP, which combines a deep neural net-
work with a Gaussian Process output layer. For a test input
x, a random Fourier feature representation F (x) is computed
(Eq. 6), from which the predictive mean µ(x) (Eq. 7) and
variance var(x) (Eq. 8) are derived. Here, WL, h(x), bL,
D, L, and β denote the random Fourier projection matrix,
learned feature representation, bias vector, Fourier feature di-
mension, number of random Fourier features, and posterior
mean weight vector, respectively. The variance increases as
inputs move farther from the training data in the learned fea-
ture space. The predictive probability p(y|x) (Eq. 9) obtained
by integrating the softmax output over a Gaussian distribution
parameterized by the mean and variance, resulting in confi-
dent predictions for in-distribution inputs and higher uncer-
tainty for out-of-distribution samples.

F (x) =

√
D

L
cosWLh(x) + bL (6)

µ(x) = F (x)Tβ (7)

var(x) = F (x)T
∑

F (x) (8)

p(y|x) = N(y;µ(x); var(x)) (9)

Runtime environment: We used an NVIDIA A5500
GPU for model training and evaluation. The training time
required was about 6 hours.

3. RESULTS AND DISCUSSION

We evaluated our proposed model using the HSC-SSP dataset.
The redshift ranges between 0 < z < 3.99. The ground truth
spectroscopic redshift vs the predicted photometric redshift
is visualized using a hexbinplot in Fig 2 where the minimum
bin density count is 25. The samples contained within the
green tolerance bounds are inliers with prediction error, E,
lying within ±0.15. The samples lying outside the green
tolerance bounds but within the red tolerance bounds are out-
liers, E ranging between ±(0.15–1.0). The samples beyond
the red tolerance bounds, i.e. with E > ±1.0, are catas-
trophic outliers. The embedded scatter plot shows the data
points associated with bins containing fewer than 25 samples.



The samples are predominantly clustered around the perfect
match line. However, each prediction is associated with an
inherent uncertainty. While most deviations are minor and
fall within the inlier region, a subset of predictions exhibit
significant errors resulting into outliers and catastrophic out-
liers. Identifying these and quantifying predictive uncertainty
are essential to prevent error propagation and accumula-
tion, which can adversely impact downstream analyses and
decision-making processes.

Fig. 2. Hexbin plot for the interval 0 < z < 3.99, with a min
bin density of 25 samples. Embedded scatter plot shows data
points associated with bins containing fewer than 25 samples.
Prediction error, E, are set at ±0.15 for inliers, ±(0.15–1.0)
for outliers, and > ±1.0 for catastrophic outliers.

Fig. 3. Uncertainty estimation. Ground truth spectroscopic
redshift vs normalized epistemic variance for samples within
the redshift range 0 < z < 3.99.

In Fig. 3, we show the predictive uncertainty of the Pz
estimates using normalized epistemic variance. Most test
samples exhibit near-zero variance, indicating high confi-
dence and a well-learned feature-redshift mapping. A small
fraction of samples, mainly at higher redshifts, show signifi-
cantly high uncertainty due to their lower signal-to-noise ra-

tio (SNR) and sparse representation in the training set, which
limits the model’s ability to learn reliable feature-redshift
relationships in these regions.

In Table 1, we report the performance metrics defined in
Sec. 2.3, including rms, bias, and the catastrophic outlier rate
(Oc). Unlike most state-of-the-art studies, which are typically
limited to z ≤ 1.5 [7], our evaluation extends to z ≤ 3.99.
This broader range is more challenging due to lower SNR
and fewer training samples at high redshifts. Despite these
challenges, our method achieves performance comparable to
state-of-the-art approaches while satisfying two LSST Sci-
ence Requirements.

Table 1. Comparison with SOTA methods.

Architecture(z) RMS Bias Oc

Mizuki (≤ 1.5) 0.102 0.307 0.011

DEmP (≤ 1.5) 0.092 0.277 0.003

XGBoost (≤ 1.5) 0.022 0.149 0.002

SPIDERz (≤ 1.5) 0.051 0.199 0.002

BNN (≤ 1.5) 0.174 0.013 0.023

RF (≤ 1.5) 0.088 0.001 0.006

PhoRQNet (≤ 1.5) 0.137 0.0007 0

Scaled Ensemble (≤ 3.99) 0.13 0.0127 0.022

UnAPNet (≤ 3.99) 0.108 0.002 0.028

LSST Req < 0.02 0.003 < 0.1

4. CONCLUSION

We presented UnAPNet, an uncertainty-aware Pz estimation
framework that jointly models aleatoric and epistemic un-
certainties by combining a ResNet-based regressor with an
SNGP-based uncertainty estimator. By incorporating catalog-
level photometric uncertainties and introducing a LSST-
guided domain-aware loss function, the proposed frame-
work improves robustness to outliers and catastrophic out-
liers while providing reliable confidence estimates alongside
redshift predictions. Experiments on the HSC-SSP dataset
demonstrate competitive photometric redshift accuracy, well-
calibrated uncertainty estimates across the redshift range
(0 < Pz < 3.99), and performance approaching LSST
Science Requirements. These results highlight the poten-
tial of UnAPNet as a scalable and trustworthy solution for
Pz estimation along with uncertainty quantification in next-
generation cosmological surveys.
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