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Abstract

In this work, we demonstrate how Low-Rank Adaptation (LoRA) can be used
to combine different galaxy imaging datasets to improve redshift estimation for
cosmology with CNN models. LoRA is an established technique for large language
models that adds adapter networks to adjust model weights and biases to efficiently
fine-tune large base models without retraining. We train a base model using a
photometric redshift ground truth dataset, which contains broad galaxy types but is
less accurate. We then fine-tune using LoRA on a spectroscopic redshift ground
truth dataset. These are more accurate but limited to bright galaxies and take
orders of magnitude more time to obtain, so are less available for large surveys.
Ideally, the combination of the two datasets would yield more accurate models
that generalize well. The LoORA model performs better than a traditional transfer
learning method, with ~ 2.5x less bias and ~2.2x less scatter. Retraining the
model on a combined dataset yields a model that generalizes better than LoRA
but at a cost of greater computation time. Our work shows that LoRA is useful
for fine-tuning regression models in astrophysics by providing a middle ground
between full retraining and zero-shot generalization. LoRA shows potential in
allowing us to leverage existing pretrained astrophysical models, especially for
data sparse tasks.

1 Introduction

Astronomy is in the era of Big Data, with several current and upcoming surveys such as LSST
[13]] and Euclid [[17] imaging billions of galaxies to constrain cosmological models governing the
origin and evolution of the universe. Galaxy redshifts are used to determine distances to galaxies,
allowing us to map the structure of the universe through cosmic time, to determine properties of dark
energy and dark matter that govern the accelerated expansion of the universe. Astrophysicists are
increasingly adopting machine learning techniques to efficiently make measurements, such as galaxy
redshifts, from large datasets [26, 20]. Such measurements often require leveraging different sources
of ground truth. In this paper, we explore using Low-Rank adaptation (LoRA)[12] and traditional
transfer learning to fine-tune redshift prediction models for galaxies by integrating datasets with
different sources of ground truth.

Machine Learning and the Physical Sciences Workshop, NeurIPS 2025.



1.1 Related Works

Redshift estimation: Traditionally, redshifts are obtained using spectroscopy. These are highly
accurate but limited to bright galaxies that have strong emission lines, and are not available at the
scale of large upcoming surveys as they are expensive [20]. Photometric redshifts are derived from
galaxy photometry (brightness) in different wavelength bands to sample spectral properties. These are
less accurate [2[] but enable the analysis of much larger datasets. Recently, many machine learning
models have been proposed to estimate photometric redshifts [8, |6l |4, |2} [25] |14} |15} |26} |27]. For
example, convolution neural networks (CNN) produce some of the most precise redshift estimates
[21} {27, 9L |16] by using images directly. These methods usually rely on spectroscopic redshift as
ground truth for training. Recent work by [5} 29] explored methods of incorporating photometric
redshifts from multi-band photometry as a different source of ground truth. However, these methods
are trained on photometry alone, losing out on the wealth of information in images [|18].

LoRA and fine-tuning: LoRA is an established technique for fine-tuning large language models
that adds adapter networks with lower-rank weight matrices to pre-trained models. This allows
efficient fine-tuning of large base models, with only a tiny fraction of the parameters being updated
[12]]. Low-Rank adaptation has been used in astrophysics to fine-tune pre-trained models from
other domains for astrophysics tasks. For example, LLMs for token-based redshift estimation [23]],
foundation models for radio astronomy [24]], and diffusion models for galaxy image generation [3]].
Its utility for regression-based tasks is not fully explored in astrophysics.

1.2 Contribution

We explore using LoRA and transfer learning to integrate different sources of ground truth for a
redshift regression CNN that takes 5-band galaxy images as input. We adapt the recently developed
LoRA implementations [[19] for CNNs for astrophysical data. To our knowledge, this work is the
first application of LoRA for regression-based tasks for astrophysics. Previous work in astrophysics
used pre-trained models from other domains— this is the first work that uses baseline models trained
on astronomical data. These are key considerations vital for large-scale surveys that will leverage
previous astrophysics knowledge.

2 Data

In this work we use three datasets, one for the base model, one for transfer learning, and a com-
bination dataset of the two. The dataset used to train the base model is derived from TransferZ
[29] with the addition of 5-band images from the Hyper Suprime-Cam Subaru Strategic Pro-
gram (HSC-SSP) Second Public Data Release [1]] and additional quality cuts as specified in [[10].
This results in a dataset we call TransferZ-Images|'|consist-
ing of 100,442 galaxies with 5-band g, 7, i, z, y images. We
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2GalaxiesML is available on Zenodo here.


https://zenodo.org/records/16989604?preview=1&token=eyJhbGciOiJIUzUxMiJ9.eyJpZCI6ImFlOThiYmM0LTRlMGItNDgzNS1iNjlkLTZmOWM1NzMyYmI5NyIsImRhdGEiOnt9LCJyYW5kb20iOiIwNGJjNjk1MDM5NTI5YWFmYjFmMDJjYjlhMTUzMzRlNCJ9.CQMk2RAOmlEFDWiu6ln6uQPc8Q_-0GTfzw47p_4EBz9ZjZjGJI_lrgpdSF-nwfrVboTfMOdBfnHe-tw8nPI5Xg
https://zenodo.org/records/11117528

in 386,286 galaxies. For the 557 common galaxies in both datasets we use the GalaxiesML spectro-
scopic redshift as ground truth. Additionally, comparing the spectroscopic and photometric ground
truth redshifts for the overlapping galaxies, we find no systematic bias in both redshift distributions
(see Fig. [I). The data used in this study is summarized in Table[I] The three datasets are split into
80% training, 10% validation and 10% testing subsets.

Table 1: Data Summary.

Dataset Ground No. of z Median z i-mag No.
Truth z Sources  90th %ile  Uncertainty 90th %ile  Filters
TransferZ-Images Zphot 100,442 1.8 0.03 25 5
GalaxiesML Zspec 286,401 1.2 0.0002 22 5
Combo Zphot and Zspec 386,286 1.4 0.0006 24 5

3 Methodology and Metrics

We train four models for this study to compare the effectiveness of LoRA to generalize redshift esti-
mation models. These are (1) the base model (CNN-Base) trained on TransferZ; (2) the traditionally
transfer learned model, built from fine-tuning CNN-base on GalaxiesML (CNN-TL); (3) the LoRA
model, built from fine-tuning CNN-Base on GalaxiesML using LoRA (CNN-LoRA); and (4) the full
retraining model (CNN-Combo) trained on Combo. These models share a ResNet18 architecture
[11]], modified to accept five images as input, with a regressor network attached to produce a single
redshift value as output. We perform hyperparameter tuning on learning rate, batch size, and regressor
architecture. The learning rate was the most sensitive parameter. The regressor consists of two linear
layers with 512 and 256 neurons, with dropout layers (using standard dropout of 0.5) and SiLU
activation between them to promote stable model training.

To train these models, we wuse a
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validation loss to determine when to stop
training. The models are set to train for 500
epochs with early stopping which ends training
if the model’s EMA validation loss does not
improve after 20 epochs. We use an AMD
Ryzen Threadripper PRO 3955WX with 16-Cores and NVIDIA RTX A6000 to train the models. For
CNN-Base, we use a learning rate of le-3, and it stops training after 56 epochs taking 26.7 minutes
with a final learning rate of le-8. This is used as a base to train CNN-TL and CNN-LoRA. To create
CNN-TL, all the model weights in CNN-Base are frozen except the input and regressor layers, and it
is trained on GalaxiesML with the final learning rate of 1e-8. It trains for the full 500 epochs, taking
4.4 hours. To create CNN-LoRA, we use the peft library (Parameter Efficient Fine-Tuning) [31]].
We create a LoRA adapter that spans all the linear and convolutional layers in the model (Fig. [2).
The adapter has a rank of 4, alpha parameter of 16 and dropout of 0.1 chosen from hyperparameter
tuning. The LoRA adapter is trained with GalaxiesML, stopping in 121 epochs, taking 1.4 hours.
Finally, CNN-Combo is trained with the Combo dataset and a learning rate of 1e-3 for 121 epochs
without early stopping, taking 2.4 hours. We choose the same number of epochs for CNN-Combo as
CNN-LoRA to quantify computational efficiency gains. All models are implemented in Pytorch [22].
The code is made available through |Github.

Figure 2: Visualization of LoORA implementation
on a ResNet + regressor Model, based on Fig 1. in
[12]].

To evaluate these models, we use the bias, scatter and catastrophic outlier rate metrics [30]. The bias
metric is the median of the bias distribution defined as b = (2pred — 2truth) /(1 + Ziruth) Where zp,eq
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and zy,.¢p, are the predicted redshift and the ground truth redshift, respectively. The scatter is defined
as the median absolute deviation of the bias distribution multiplied by 1.4826. The catastrophic outlier
rate is the fraction of objects satisfying |zpnoto — Ziruth| > 1.0 [28]. We calculate the metrics in the
redshift range 0.3 < z < 1.5. These metrics are important for most cosmology science applications,
in particular LSST requires bias < |0.003| and scatter < 0.02 for photometric redshift estimates [7]].
We qualitatively evaluate model “generalizability” based on how well it performs across all testing
datasets.

4 Results and Discussion
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Figure 3: Bias (left), scatter (middle), and catastrophic outlier rate performance metrics (right) for all
four models. The metrics are evaluated on all three datasets (TransferZ-Images (red), GalaxiesML
(blue), Combo (purple)). The green band for Bias and Scatter are the LSST Science Requirements.
The black stars represent the best (lowest) metric for each dataset. Upward black arrows indicates the
bar overflows the plot. CNN-LoRA performs better than traditional transfer learning (CNN-TL), but
not as well as retraining the entire dataset (CNN-Combo).

We find that Low-Rank adaptation (CNN-LoRA) results in more generalizable models than traditional
transfer learning (CNN-TL), but does not perform as well as retraining on combined ground truths
(CNN-Combo). We evaluate the performance of the four models by testing them on the test sets
of 10,027 galaxies from TransferZ-Images, 40,914 galaxies from GalaxiesML and 50,871 galaxies
from Combo. The model performance metrics are displayed in Fig. [3] (see Table [2] for values).
CNN-LoRA has ~2.5x less bias and ~2.2x less scatter on Combo compared to CNN-TL. Compared
to CNN-Combo, CNN-LoRA has similar bias (~1.1x higher) and scatter (~1.2x higher) on the
Combo testing set, though slightly higher. When looking at the GalaxiesML fine-tuning dataset in
particular, CNN-LoRA has ~3x lower bias than CNN-Combo, and ~1.2x higher scatter. However,
CNN-LoRA’s performance on the baseline data, TransferZ-Images, is worse, with ~20x higher bias
and ~1.5x higher scatter. This indicates that the CNN-LoRA model forgot information it learned
in the baseline training on TransferZ-Images. The choice of method of mixing ground truths has a
trade-off between performance requirements and resources available. Thus, LoORA may be a good
choice if retraining the model with combined data is too computationally intensive and diminished
performance on the base dataset does not detract from science goals.

We perform a further test of CNN-LoRA by training the model with different fractions of GalaxiesML.
Training with just 10% of GalaxiesML, the model’s scatter on GalaxiesML improves significantly and
continues improving until about a 40-50 % data fraction (Fig. Ié—_l[) Beyond this, there is no significant
improvement in model performance. Further, even with a 100% data fraction, CNN-LoRA trains
in ~1.5% less time than CNN-Combo when both models are trained to the same number of epochs.
Training time is even lower with smaller data fractions. Thus, LoRA offers a way to fine-tune models
with smaller fractions of data and still achieve maximum model performance on the fine-tuning
dataset all while saving computational resources, although it still performs worse than retraining on
combined ground truths.

When looking at transfer learning in particular, previous work suggests that neurons are co-adapted
between model layers and later models layers can be highly specialized to baseline data [32]]. CNN-
LoRA is able to adjust weights and biases across the entire model with its learned adapters, resulting
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Figure 4: Bias (left), scatter (middle) and catastrophic outlier rate (right) as a function of fraction of
GalaxiesML used to fine-tune using CNN-LoRA. The green band for Bias and Scatter are the LSST
Science Requirements. Using just 10% of the data, the model’s scatter on GalaxiesML improves
and on TransferZ reduces drastically. The performance of CNN-LoRA plateaus when 40-50% of
GalaxiesML is used for training; only a fraction of the dataset is needed for the best fine-tuning.

in its better performance compared to CNN-TL which only trains on the input and regressor layers.
Thus, LoRA offers a standardized way to do transfer learning on models without the need for extensive
optimization of layers to unfreeze in traditional transfer learning.

Table 2: Model Metrics Summary

Bias Scatter  Catastrophic
Outlier Rate
CNN-Base TransferZ-Images  -0.00198  0.0330 0.00789
GalaxiesML -0.00316  0.0366 0.0139
Combo -0.00287  0.0358 0.0125
CNN-TL TransferZ-Images 0.0502  0.121 0.0203
GalaxiesML -0.00995 0.0391 0.0141
Combo -0.00396  0.0496 0.0157
CNN-LoRA  TransferZ-Images 0.0176  0.0476 0.0185
GalaxiesML -0.000481 0.0184 0.0115
Combo 0.0016  0.0223 0.0132
CNN-Combo TransferZ-Images -0.000868 0.0323 0.00660
GalaxiesML -0.00146  0.0156 0.00996
Combo -0.00141 0.0183 0.00915
LSST Regq. <10.031 <0.02

Future work tuning LoRA parameters can further optimize its performance, and potentially rival CNN-
Combo in performance with lower computational costs. An ablation study freezing and unfreezing
different layers to create different CNN-TL models can also further characterize traditional transfer
learning performance and compare against LoORA fine-tuning. Further work can also explore training
CNN-Combo using early stopping and with different data fractions to fully quantify its performance
and more robustly compare to LoRA fine-tuning. Ultimately, LORA and other fine-tuning methods
will be crucial as we ramp up to current and upcoming cosmological surveys. LoRA demonstrates
potential in leveraging the wide array of existing pre-trained astrophysical models for data sparse
tasks, especially when retraining models is too computationally expensive, and can adapt existing
models to multiple new datasets, representing a developing avenue to do new precision cosmology.
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A Fine-tuning in the ‘reverse’ direction

To fully explore the model fine-tuning methodology, we also explored training on GalaxiesML first,
followed by fine-tuning with TransferZ-Images. The GalaxiesML baseline, hereafter CNN-Base-Rev,
was trained in the same manner as CNN-Base. It stopped training after 147 epochs taking 1.3 hours.
We then fine-tuned using the same LoRA configuration as CNN-LoRA, creating CNN-LoRA-Reyv,
which stopped training after 56 epochs and took 25.3 minutes. Finally, we created CNN-TL-Rev
by using the same frozen layers as for CNN-TL, which stops training after 27 epochs taking 14.7
minutes.
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Figure 5: Bias (left), scatter (middle), and catastrophic outlier rate performance metrics (right) CNN-
Base, CNN-Base-Rev, CNN-LoRA and CNN-LoRA-Rev. The metrics are evaluated on all three
datasets (TransferZ-Images (red), GalaxiesML (blue), Combo (purple)). The green band for Bias and
Scatter are the LSST Science Requirements. The black stars represent the best (lowest) metric for
each dataset. Upward black arrows indicates the bar overflows the plot. CNN-LoRA-Rev performs
worse than CNN-LoRA across most datasets. CNN-Base-Rev performs better than CNN-LoRA on
scatter across all datasets, as well as bias on GalaxiesML and Combo.

The performance of four models, CNN-Base, CNN-Base-Rev, CNN-LoRA and CNN-LoRA-Rev
are shown in Fig. [5] (see Table [3] for values, as well as CNN-TL and CNN-TL-Rev performance).
CNN-TL and CNN-TL-Rev both perform poorly compared to all other models, though CNN-TL
is slightly better than CNN-TL-Rev. The limitations of traditional transfer learning is thus further
verified. CNN-LoRA-Rev performs worse than CNN-LoRA on TransferZ-Images and Combo. In
particular on Combo, it has ~4.7 x higher bias and ~1.7 x higher scatter. CNN-Base-Rev performs
better than CNN-LoRA on scatter across all datasets, as well as on bias on Combo. This indicates
that spectroscopic redshift ground truth contains information that aids the generalizability of models
to broader galaxy types than for which spectra are typically obtained. We can additionally speculate
that the higher uncertainty in photometric redshift ground truths from TransferZ-Images hinders
generalizability even though the types of galaxies in the dataset are more diverse. The photometric
ground truth redshifts in TransferZ-Images are derived from 30+ imaging bands, yet these appear
to be insufficient to provide precise enough redshifts to train accurate and generalizable machine
learning models. However, the quality of datasets impacts model performance as well, and thus this
claim may be verified by further study using the TransferZ-Images dataset.



Table 3: Model Metrics Summary Comparing Both Directions of Fine-tuning

Bias Scatter ~ Catastrophic
Outlier Rate
CNN-Base TransferZ-Images  -0.00198  0.0330 0.00789
GalaxiesML -0.00316  0.0366 0.0139
Combo -0.00287  0.0358 0.0125
CNN-Base-Rev TransferZ-Images 0.0114 0.0421 0.0244
GalaxiesML -0.000647 0.0153 0.0105
Combo 0.000672  0.0188 0.0139
CNN-LoRA TransferZ-Images 0.0176  0.0476 0.0185
GalaxiesML -0.000481 0.0184 0.0115
Combo 0.0016  0.0223 0.0132
CNN-LoRA-Rev  TransferZ-Images -0.000322 0.0362 0.00466
GalaxiesML -0.0101 0.0381 0.0110
Combo -0.00759 0.0378 0.00944
CNN-TL TransferZ-Images 0.0502  0.121 0.0203
GalaxiesML -0.00995 0.0391 0.0141
Combo -0.00396  0.0496 0.0157
CNN-TL-Rev TransferZ-Images -0.0638 0.101 0.0259
GalaxiesML -0.147  0.0844 0.0149
Combo -0.134  0.0973 0.0175
LSST Regq. <10.031  <0.02
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