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Abstract

We introduce Galaxy Zoo Evo, a labeled dataset for building and evaluating foun-
dation models on images of galaxies. GZ Evo includes 104M crowdsourced labels
for 823k images from four telescopes. Each image is labeled with a series of
fine-grained questions and answers (e.g. ‘featured galaxy, two spiral arms, tightly
wound, merging with another galaxy’). These detailed labels are useful for pretrain-
ing or finetuning. We also include four smaller sets of downstream labels (167k
galaxies in total) for downstream tasks of specific interest to astronomers, including
finding strong lenses and describing galaxies from the new space telescope Euclid.
We hope GZ Evo will serve as a real-world benchmark for computer vision topics
such as domain adaption (from terrestrial to astronomical, or between telescopes)
or learning under uncertainty from crowdsourced labels. We also hope it will
support a new generation of foundation models for astronomy; such models will be
critical to future astronomers seeking to better understand our universe.

1 Introduction

The development of computer vision methods has historically been driven by longstanding bench-
marks like ImageNet [1]. But such benchmarks may no longer be good proxies for real-world
performance [2, 3]. Further, purpose-built benchmarks may (by design) elide important complexities
of real-world tasks such as label uncertainty [4, 5]. This paper aims to support new practical vision
methods by sharing a large-scale crowdsourced dataset, created with scientific rigor, carefully doc-
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umented, and free of privacy, safety, or commercial concerns, to serve as a challenging real-world
benchmark.

Galaxy Zoo Evo (Fig. 1) is made up of a ‘Core’ dataset of galaxy images taken by four telescopes,
where volunteers have answered a broad series of questions about the galaxy in each image, plus four
smaller ‘Downstream’ datasets of specific scientific interest.

Figure 2 shows three illustrative workflows for using GZ Evo. One might train a supervised model
on our Core dataset and then finetune it on our Downstream datasets (e.g. [6]). Or one might take
an existing model and separately apply supervised finetuning to evaluate generalization (zero-shot
similarity search, supervised finetuning, etc.) on each of our Core and Downstream datasets (e.g.
[7-10]. Or one might use continual learning to finetune an existing model first on our Core datasets
and then further finetune it on our Downstream datasets (see our ViT-SO400 baseline, Sec. 5.1).

Our Core dataset is composed of 823k labelled images of galaxies from the Galaxy Zoo project
[11]. Galaxy Zoo asks members of the public to volunteer their time annotating images. These
annotations — and models trained on these annotations — help us learn how galaxies evolve; measuring
the appearance of millions of galaxies, each with a different history, allows one to identify how
galaxies grow, merge, and age. [12]. We collate sixteen years of annotations by 334k volunteers.

Our Downstream datasets are composed of four smaller sets of images with labels of specific scientific
interest. Three of the Downstream datasets are searches for a particular type of galaxy: strong lenses
(where the light from a background galaxy is bent by the gravity of a foreground galaxy); galaxies
with rings; and galaxies with faint debris (often indicating a recent collision with another galaxy).
The fourth dataset is GZ Euclid, where volunteers answered the same series of broad questions as
Core but for images from a new and state-of-the-art space telescope, Euclid. Generalizing to images
from Euclid is a real and urgent test for foundation models in astronomy.

No astronomy knowledge is required. We include minimal and reproducible code for training and
evaluating baseline models. Our framework is extensible to new data, allowing Galaxy Zoo ‘Evo’ to
‘evolve’ as new telescopes and new labels become available.

Galaxy Zoo Evo is available at huggingface.co/mwalmsley with supporting code at
github.com/mwalmsley/gz-evo.

2 Related Work

This paper is inspired by the 2014 ‘Galaxy Challenge’ Kaggle competition which asked competitors
to predict volunteer votes to an early Galaxy Zoo iteration (GZ2, below). The winning submission
[13] introduced CNNss to astronomy and sparked a transition to deep learning methods throughout
the discipline (see [14] for a review). The underlying dataset of 62k training images has also been
widely-used in computer science as a real-world benchmark (see e.g. [15-18]). Galaxy Zoo Evo
is intended as a ten year update on the Galaxy Challenge dataset, bringing an order-of-magnitude
increase in scale, a new focus on multi-task learning and and downstream generalization, and an
extensible framework to allow the dataset to grow over the next ten years.

We are also motivated by Fang et al. 2 ’s call that ‘researchers should explicitly search for methods that
improve accuracy on real-world non-web-scraped datasets, rather than assuming that methods that
improve accuracy on ImageNet will provide meaningful improvements on real-world datasets as well’.
This is especially relevant for domains such as medical imaging[19-21] and manufacturing [22, 23]
with a substantial shift in features vs. ImageNet. Recent progress in vision-language pretraining,
e.g., training models on extreme-scale web-scraped images, shows impressive few-shot gains on
other web-scraped tasks [24-26]. We hope Galaxy Zoo Evo will help support a growing theme of
work investigating vision-language pretraining for improved performance on scientific and technical
images (e.g. [26-31]).

We build on a series of papers by the Galaxy Zoo collaboration ([32-34, 6]) that cumulatively
motivate the design of our baselines. Our labelled dataset complements recent work to create an
unlabelled multi-modal (i.e. images, time series, spectra) dataset for astronomy [35]; together, these
datasets form a comprehensive resource for self-supervised pretraining, supervised finetuning, and
downstream evaluation.
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Figure 1: Overview of GZ Evo. GZ Evo includes a large-scale ‘Core’ dataset with fine-grained
annotations describing the typical features of 823k galaxies, and four smaller ‘Downstream’ datasets
with annotations of specific scientific interest.
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Figure 2: Three illustrative workflows using GZ Evo. Supervised transfer: train a supervised model
on ‘Core’ (galaxy images with general descriptions) and finetune on ‘Downstream’. Generalization
evaluation: test an existing model on ‘Core’ and ‘Downstream’. Continual learning: finetune an
existing model on ‘Core’, and then finetune again to maximise performance on ‘Downstream’
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Table 1: Subset sizes. GZ Evo size is slightly smaller than naive sum to avoid train/test contamination
from galaxies that appear in multiple campaigns. Logged-in volunteers are unique per subset.

Name Galaxies Logged-in Volunteers Votes  Start Year Data Release
GZ2 209k 84k 35.8M 2009 [36]

GZ Hubble 96k 88k 17.6M 2010 [37]

GZ UKIDSS 71k 25k 95M 2013 [38]

GZ CANDELS 48k 45k 52M 2012 [39]

GZ DESI 399k 125k 39.1IM 2015 [33]

GZ Evo 823k 334k 104M - (here)

3 Core Dataset

3.1 Context and Construction

Galaxy Zoo asks members of the public to label galaxy images. Volunteers are presented with a
galaxy image and initial question. As they answer, they are led down a decision tree where the next
question asked depends on the previous answer. This breaks down the process of identifying detailed
galaxy features into a series of intuitive judgements. Volunteers are guided by a tutorial, illustrative
icons, expandable help text, and a comprehensive ‘Field Guide’. They can share discoveries and
compare notes on an integrated forum. We invite the reader to take part at www.galaxyzoo.org.

The questions and images both change over time, reflecting advances in telescopes and scientific
knowledge. Galaxy Zoo publications therefore divide sets of questions and images into homogeneous
labelling ‘campaigns’. Adjusting a question or sourcing images from a new telescope is consid-
ered the start of a new campaign. The labels from each campaign were published separately, in
disparate formats, in astronomical journals. Galaxy Zoo Evo brings together the separate Galaxy
Zoo campaigns in a consistent and machine-learning-friendly format. We include all! published
Galaxy Zoo campaigns, covering four telescopes and a wide diversity of galaxies. Table 1 shares
key statistics for each campaign. The decision trees asked in each campaign are visualised at
https://data.galaxyzoo.org/gz_trees/gz_trees.html.

3.2 Labels, Loss Functions, and Metrics

Each galaxy image in the Core dataset is annotated in a format like:

{
smooth-or-featured_gz2_smooth: 30
smooth-or-featured_gz2_smooth_fraction: 0.75
smooth-or-featured_gz2_featured-or-disk: 10
smooth-or-featured_gz2_featured-or-disk_fraction: 0.25
summary: ‘smooth’

3

The number of volunteers voting for an answer to a given question is reported in the columns
{question}_{campaign}_{answer}. The total number of volunteers answering each question
varies (e.g., because fewer volunteers reach questions further down the decision tree). Training
directly on these counts using a multinomial loss? is a simple approach for incorporating label
uncertainty. We train our baselines on Core using a multinomial loss summed across all questions
and all campaigns (multi-task learning). We also report RMSE metrics?.

'Excluding the first campaign, Galaxy Zoo 1, which predates the decision tree and asked only one question
%i.e., for each question, predict the odds P = fy(x) that each volunteer selects each answer, and penalize the
model according to the likelihood that we therefore observe y = k volunteers selecting each answer

3We precalculate the fraction of volunteers giving each answer to each question in the columns
{question}_{campaign}_{answer}_{fraction}
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Figure 3: Left: Class counts by subset, when using our aggregated high-confidence class labels.
Colours normalized by subset (row) to show the varying class distribution within each subset. This is
a real(istic) test scenario for domain adaption. Right: an example galaxy image for each survey and
class.

For researchers who prefer to work in a classification context, we also aggregate our count labels
into six non-overlapping classes. The class label is reported in the summary column. Galaxies are
labelled as smooth and round, smooth and cigar-shaped, edge-on disks, featured with spiral arms
and a bar, featured with spiral arms and no bar, or featured with another characteristic (i.e. neither
spiral arms nor a bar). We only provide a class label for the subset (287k) of galaxies where a class
label can be confidently assigned. We consider as high confidence galaxies where a single answer
received over half of all volunteer votes (an absolute majority), for all of the questions needed to
derive our summary label, and where the galaxy received at least 30 volunteer votes in total (20 for
GZ Euclid). We include code for reproducing our aggregation of votes to class labels. Figure 3 shows
the distribution of classes in each subset and an example of every class for every campaign.

We anticipate the class labels will be useful for methods that assume a classification context (common
in e.g. active learning, domain adaption) and where label uncertainty is not the research focus. We
anticipate the count labels will be useful as a challenging multi-task finegrained learning problem, for
pretraining and finetuning (Fig. 2), and for learning under realistic uncertainty from crowds.

4 Downstream Datasets

We complement our Core dataset — galaxy images with finegrained labels from volunteers — with four
downstream datasets intended for evaluating the generalization of trained foundation models. Three
downstream datasets (Strong Lenses, GZ Rings, and Faint Debris) ask models to answer a new task
using images already seen. The remaining dataset (GZ Euclid) asks models to answer a comparable
set of questions using images from the new Euclid space telescope.
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4.1 GZ Euclid

The Euclid space telescope is beginning to take images of one third of the sky. When compared
to images from the ground, Euclid’s images are approximately 10 times sharper* and promise a
revolution in our understanding of distant galaxies [40]. Galaxy Zoo volunteers were asked to annotate
these new images using the same tree structure as for previous campaigns extensively annotated
in Core [41]. This downstream task requires the model to predict those volunteer responses. This
directly tests the ability of models to generalise from GZ Evo Core to new telescopes. Additionally,
because Euclid is new, training galaxies only have 5 volunteer votes (test galaxies have 25) and so
models must generalise from noisy training labels.

4.2 Strong Lenses

Mass bends light. When two galaxies line up, the foreground galaxy can bend and magnify the light
of the background galaxy into striking visual arcs. This rare alignment allows astronomers to measure
the mass of the invisible dark matter in the foreground galaxy, and, potentially, to measure the rate
of the expansion of the universe [42]. This downstream task uses expert labels from a recent search
for strong lenses in new Euclid images [43—47] and requires models to predict whether 10 experts
judged each image to contain a strong lens or a similar-looking ‘imposter’ galaxy. Strong lenses are
rare and hence the dataset is highly imbalanced (6.7% lens).

4.3 GZ Rings

Ringed galaxies have (as one expects) a circular feature within or around the galaxy. Their formation
mechanism is controversial [48]. To identify ringed galaxies, we use labels collected via Galaxy
Zoo Mobile over two years. Volunteers were shown a galaxy image and asked to swipe according
to whether it included a ring. This downstream task requires models to predict the fraction of ten
volunteers who responded ‘Ring’.

4.4 Faint Debris

Galaxies grow partly by colliding and merging with one another. These collisions leave faint but
visible remnants: ‘low surface brightness features’, in astronomy jargon, or ‘faint debris’ here.
Identifying these remnants allows astronomers to measure the rate of galaxy growth, but remnants are
hard to distinguish automatically [49-51]. Gordon et al. 52 annotated 2000 images from DECaLS
[53, 32] according to whether each image showed faint debris and, if so, assigned a subclass.
Subclasses are ‘arm’, ‘stream’, ‘shell’, or ‘diffuse’ [54]. We use these labels for two downstream
tasks: predict if the image has debris (‘Is Debris’) and (where positive) the subclass (“Which Debris’).

5 Core Dataset Results

We train popular architectures (ConvNeXt [55], EfficientNetv2 [56], MaxViT [57], ResNet [58, 59],
SoVit-400m [60]) with a simple standard recipe: schedule-free AdamW with weight decay (0.05),
[61], stochastic depth [62] (values per the original papers), and standard rotations/flips/crops for
augmentations. We select architecture variants from 10 A100-hours (ConvNext-Nano) to 80 A100-
hours (SoViT-400m/14). We use a learning rate of 10~4, reducing to 10~ for the largest models.

Table 2 reports performance metrics on our Core Galaxy Zoo subsets. We report classification metrics
for models trained with cross-entropy loss against our class labels, and regression metrics for models
trained with multinomial loss against our vote counts (‘k of N volunteers’). No single architecture is
clearly strongest; EfficientNetV2 and Max-ViT are strong at classification and multi-task regression,
respectively, while ConvNeXt is strong overall. The largest models perform poorly due to overfitting.
All modern architectures significantly outperform ResNet50.

Regression metrics show a relatively small spread vs. other datasets because many answers have
similar vote fractions for most galaxies. For example, due to physical symmetries, galaxies typically
have 0, 2, or 4 spiral arms, and very few have 1 or 3. Any model will achieve a low RMSE/loss at

4 Astronomers measure image sharpness using the ‘point spread function full-width-half-maximum’, which is
calculated as the angular distance by which the apparent light recorded from a point-like object falls by half
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Table 2: Metrics for supervised baselines training on GZ Evo Core dataset.

Classification Regression
Architecture Accuracy Balanced Acc. CELoss RMSE Multinomial Loss
ResNet50 0.8872 0.719 1.1961 0.0960 17.602
ConvNeXT Nano  0.8791 0.595 1.7019 0.0874 17.173
ConvNeXT Base  0.9300 0.813 0.6863 0.0842 16.967
ConvNeXT Large 0.8936 0.612 1.3430 0.0864 17.271
EfficientNetV2S  0.9310 0.810 0.6222 0.0878 17.150
EfficientNetV2 M  0.9220 0.784 0.6837 0.0879 17.100
EfficientNetV2L  0.9259 0.799 0.6237 0.0869 17.105
MaX-ViT Tiny 0.9275 0.804 0.7639 0.0858 16.965
MaX-ViT Base 0.9013 0.696 0.9237 0.0852 17.004

predicting the fraction of volunteers voting for 1 or 3 spiral arms (almost none), and this reduces the
variation in RMSE/loss when averaging across all answers. This does not imply that predicting vote
fractions for all answers is easy to solve. Below, we finetune the regression-trained models on our
Downstream datasets, and show they outperform the equivalent ImageNet-trained models.

5.1 Downstream Dataset Results

Table 3 shows test loss when training on the GZ Evo Core dataset and then finetuning on each of
the GZ Evo Downstream datasets (mean of six seeds). For finetuning, we adapt all layers with a
weight decay of 0.2 and an aggressive’® exponential learning rate reduction by block (layer group) of
L;—1 = LY. In addition to test loss by dataset, we report an overall score calculated by rescaling
the test loss for each dataset from O (worst model) to 1 (best) and then taking a mean across datasets.

Overall, ConvNeXt models perform strongest downstream, closely followed by MaxViT models.
SoViT-400m/14 excels at identifying strong lenses, possibly because identifying multiple separated
arcs of lensed light benefits from an architecture designed for nonlocal features. ConvNeXt-Nano
performs best at the smallest two datasets (Is Debris and Which Debris) while ConvNeXt-Base
performs best at the two largest Downstream datasets (GZ Euclid, GZ Rings).

For comparison, we also include several models directly-finetuned from their non-domain-specific
pretrained versions (ImageNet-1k [1] for ResNet50, ImageNet-12k® for ConvNeXt-Nano, and webli
[63] via SigLIP 2 [64] for SoViT-400m). These perform worse in every case, suggesting a continual
learning approach is useful for maximising downstream performance. Notably, when considering
only the three models finetuned directly on our downstream datasets without intermediate Core
training, the SigLIP-trained model (SoViT-400m) is more succesful than the ImageNet-1k/12k
models (ResNet/ConvNexT), which may suggest that features from SigLIP (i.e. vision-language
training) may generalise better to our astronomy images than features learned from supervised
ImageNet, consistent with similar observations in other domains [28].

Figure 4 investigates label-efficient learning. We again show test loss when training on Core and then
finetuning on each Downstream dataset, but artificially restrict the size of each Downstream dataset
to include fewer images for finetuning. Consistent with Table 3, all models tested outperform their
directly-finetuned equivalents at all dataset sizes (not shown for clarity). All models show consistent
and predictable improvement when scaling dataset size, suggesting that, first, data is a bottleneck
to scaling, and second, more efficient strategies to learn from limited data (or from unlabelled data)
should improve on our baselines.

6 Limitations

GZ Core, GZ Rings, and GZ Euclid are annotated by volunteers, and Strong Lensing is annotated
by professional astronomers. Volunteer annotations of galaxy images have been consistently shown

SWith the exception of SoViT-400m, where we use L;_1 = L-® due to the atypically large number of blocks
https://github.com/rwightman/imagenet- 12k



Table 3: Test loss when training on the GZ Evo Core dataset and then finetuning on the GZ Evo
Downstream datasets. Overall score is normalised from 1 (best model at every dataset) to O (worst
model at every dataset). Mean of six seeds. ‘*’ indicates otherwise-identical models without
intermediate training on GZ Evo Core; these perform worse in every case. SoViT-400m/14 performs
best for strong lenses, while ConvNeXt models are strongest overall.

Strong Lenses GZ Euclid GZ Rings Is Debris Which Debris  Overall Score

Model
ConvNeXt-Base 0.1372 2.1271 0.0201 0.0734 0.6709 0.94
ConvNeXt-Nano 0.1431 2.1500 0.0203 0.0713 0.6334 0.92
MaxViT-Base 0.1336 2.1457 0.0203 0.0777 0.6918 0.91
MaxViT-Tiny 0.1409 2.1568 0.0204 0.0698 0.6631 0.91
SoViT-400m/14 0.1110 2.1764 0.0211 0.0944 0.6973 0.87
EfficientNetV2-M 0.1596 2.1843 0.0207 0.0773 0.7511 0.80
SoViT-400m/14* 0.1309 2.1921 0.0216 0.0974 0.8088 0.77
ResNet50 0.1699 2.2195 0.0218 0.0839 0.9118 0.66
ConvNeXt-Nano* 0.1720 2.2251 0.0223 0.1291 0.9879 0.56
ResNet50* 0.2463 2.3208 0.0274 0.2811 1.1844 0.00
@ ConvNeXt-Base @ EfficientNetv2-M @ MaxViTTiny SoViT-400m/14
ConvNeXt-Nano @ MaxViT-Base ResNet50
Strong Lenses GZ Rings GZ Euclid Is Debris
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Figure 4: Test loss vs. dataset size when training on the GZ Evo Core dataset and then finetuning on
the GZ Evo Downstream datasets. Mean of six seeds. ConvNeXt-Base performs best at GZ Rings,
GZ Euclid, and overall. SoViT-400m/14 performs best at finding strong lenses. Small modern models
(MaxViT-Tiny and ConvNeXt-Nano) perform best at our smaller Is Debris dataset.
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to closely approximate professional annotations. However, for both volunteer and professional
annotators, inter-annotator disagreement is expected. See Appendix C. Real scientific data often
cannot be annotated perfectly by humans and operating under ambiguity is necessary for real-world
machine learning systems.

For annotations using a decision tree structure (Core and GZ Euclid), the number of volunteers
answering each question varies. Fine-grained questions deeper in the tree collect fewer votes’. This
introduces heteroskedastic uncertainty and motivates our choice to share only high-confidence labels
for our classification setting. The benefit of a decision tree is that annotators are only asked relevant
questions; we hope our decision tree labels will support research into efficient crowdsourcing where
finegrained labels are necessary but annotation is expensive (e.g. medical imaging).

We broadly find that the largest variants of the models tested tend to underperform their moderate-size
variants, particularly for our smaller datasets. In principle, large variants should at least match
the performance of small variants (e.g. by trivially replicating the small variant) and, where data
is plentiful, are often shown to exceed the performance of smaller models. In practice, properly
regularizing large models on small datasets is nontrivial, and our finetuning recipe likely causes these
large models to overfit. Evaluating the effectiveness of new approaches for few-shot finetuning of
large models is a key goal of GZ Evo.

GZ Evo is not suitable for research requiring raw telescope data. GZ Evo provides RGB images to
support researchers without an astronomy background.

7 Data Access

Data is available via the HuggingFace Hub. You can download them with e.g.

from datasets import load_dataset

dataset = load_dataset("mwalmsley/gz_evo", split="train")
# your framework of choice e.g. numpy, tensorflow, jax, etc
dataset.set_format ("torch")

7.1 Temporary Note for Reviewers

Our code is public at github.com/mwalmsley/gz_evo. GZ Evo Core is public on HuggingFace.
We temporarily apply gated access to the Downstream datasets while this paper is under review.
Reviewers can anonymously access the gated datasets by logging in to the HuggingFace account:

Email: yuceh11hO@mozmail . com. Password: Reviewer2!

8 Conclusion

Galaxy Zoo Evo brings together sixteen years of effort to annotate one million images of galaxies.
GZ Evo is large-scale, meticulously collected, and free of privacy, safety, or commercial concerns.
It is designed for building and evaluating foundation models, and also suits broader research into
practical methods for crowdsourcing, label uncertainty, multi-task learning, and active learning.

GZ Evo is a living dataset. New telescopes drive new discoveries; our modular multi-task format
makes it straightforward to add new labelled galaxy images from any new telescopes. Researchers can
then seamlessly apply the same training code to new GZ Evo versions, creating new telescope-ready
finetuned models in weeks instead of years.

New telescope data is also ideal for testing the generalisation of foundation models. It is difficult
to cleanly evaluate such models because any internet data, including standard benchmarks, is in-
distribution (or worse, memorized training data). We know for certain that current foundation models
could not have been trained on data from new telescopes, regardless of engineering resources, because
the data did not previously exist. Generalization performance to new telescopes, as measured with
GZ Evo, is a cast-iron test for existing models.

"For example, if we ask 40 people ‘Is this galaxy smooth or featured?’, and 25 answer ‘Featured’, then 15
further select ‘Spiral’, only those 15 people would be asked ‘How many spiral arms?’
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1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: This is a dataset submission. Our claims relate only to the content of our
dataset, which is accurately described.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We include a Limitations section (Sec. 6).

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
Justification: This is a dataset paper. It includes no theoretical results.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Our baselines are intended for reproduction. All code and data is public. All
experiments are seeded (42) where not deliberately repeated for uncertainty marginalization.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: All data and code is public. We include simple working code with documenta-
tion. We hope authors will build on our baselines.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: Train and test splits are included in our HuggingFace datasets. The (many)
baselines are described to an appropriate level of detail and full code is provided.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: All downstream experiments are run with six seeds and our uncertainties are
reported (separately, for clarity). Our upstream training (GZ Evo Core) is only run once
and error bars are not reported; Core is intended as an intermediate step towards improving
downstream performance, and is far more computationally expensive.

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
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11.

12.

13.

14.

15.

Answer: [Yes]

Justification: We report the compute requirements in the main text (80 A100-hours for our
largest models).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: We have carefully reviewed the Guidelines and believe we fully conform.
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer:

Justification: Our dataset introduces astronomical images of galaxies and therefore has no
obvious direct societal impacts.

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: Our baselines create models for interpreting images of galaxies and so have no
obvious potential for misuse.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: We carefully list all licenses in Sec. A.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]
Justification: We carefully list all licenses in Sec. A.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [Yes]

Justification: via the publications in which the human labels were originally shared with
atronomers

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: We do not use study participants (for completeness, we note that we do hold
an IRB approval for our crowdsourcing work).
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753 16. Declaration of LLM usage

754 Question: Does the paper describe the usage of LLMs if it is an important, original, or
755 non-standard component of the core methods in this research? Note that if the LLM is used
756 only for writing, editing, or formatting purposes and does not impact the core methodology,
757 scientific rigorousness, or originality of the research, declaration is not required.

758 Answer:

759 Justification: LLMs are not part of this research.
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