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A B S T R A C T 

We present detailed morphology measurements for 8.67 million galaxies in the DESI Le gac y Imaging Surv e ys (DECaLS, MzLS, 
and BASS, plus DES). These are automated measurements made by deep learning models trained on Galaxy Zoo volunteer 
votes. Our models typically predict the fraction of volunteers selecting each answer to within 5–10 per cent for every answer to 

every GZ question. The models are trained on newly collected votes for DESI-LS DR8 images as well as historical votes from 

GZ DECaLS. We also release the newly collected votes. Extending our morphology measurements outside of the previously 

released DECaLS/SDSS intersection increases our sky coverage by a factor of 4 (5000–19 000 deg 

2 ) and allows for full o v erlap 

with complementary surv e ys including ALF ALF A and MaNGA. 
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 I N T RO D U C T I O N  

alaxy images reveal diverse structures such as spiral arms, bars,
ulges, and tidal features (Buta 2013 ). The field of galaxy morphol-
gy seeks to understand the origins of these structures. Relatively,
hese structures are thought to both influence and trace key physical
rocesses in galaxy evolution and so by measuring their presence
ne can infer the history of those physical processes (Casteels et al.
013 ; G ́eron et al. 2023 ). 
Measuring the morphology of large samples of galaxies is crucial

ecause many highly correlated variables influence both morphology
nd the processes they trace. Unpicking these correlations requires
arge samples where one can hold these variables fixed and still retain
nough galaxies to draw statistically robust conclusions (Masters
019 ). One may also hope to find rare populations of galaxies with
roperties that challenge our assumptions about galaxy formation
e.g. Smethurst et al. 2021 ; Keel et al. 2022 ). 
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The scale of our morphology measurements is limited not by
ur supply of telescope images but by our interpretation of those
mages. Modern astronomical observatories capture detailed images
f millions of galaxies – a sample impossible for astronomers to even
egin to re vie w by eye. To meet this challenge, astronomers have
eveloped methods to measure the detailed morphology of galaxies
hrough parametric and non-parametric fitting (e.g. Abraham et al.
996 ; Simard et al. 2002 ; Conselice 2003 ; Lotz, Primack & Madau
004 ), citizen science (including Galaxy Zoo e.g. Lintott et al. 2008 ;
illett et al. 2013 ), or machine learning (e.g. Huertas-Company et al.

008 ; Banerji et al. 2010 ; Ferrari, Carvalho & Trevisan 2015 ). 
Combining deep learning with citizen science can achieve mor-

hology measurements with the classification detail of humans and
he scale of automated systems (e.g. Dieleman, Willett & Dambre
015 ; Dom ́ınguez S ́anchez et al. 2018 , or see Huertas-Company &
anusse 2022 for a re vie w). Galaxy Zoo DECaLS (Walmsley
t al. 2022b , hereafter W + 22 ) was the first to present a large-
cale catalogue of morphology measurements for every Galaxy Zoo
uestion by training deep learning algorithms on citizen scientist
esponses. This catalogue co v ered the 314 000 galaxies imaged by
© 2023 The Author(s). 
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ch permits unrestricted reuse, distribution, and reproduction in any medium, 
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2 that is, of tractor class other than ‘PSF’ 
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he Dark Energy Camera Le gac y Surv e y (DECaLS) DR5 and within
he SDSS DR8 footprint. 

DECaLS is part of the DESI Le gac y Imaging Surv e ys (DESI-LS),
 set of three sister surv e ys designed to produce images with similar
haracteristics. Here, in GZ DESI, we exploit this imaging similarity 
o extend and apply the deep learning methods developed for GZ 

ECaLS to all three DESI-LS surv e ys. We release new automated
redictions for 8.7M bright ( r < 19) galaxies in DESI-LS DR8. Fig. 1
hows random example galaxies and their automated morphology 
easurements. 
The key benefit of our new morphology catalogue is scale. 

ncluding MzLS and BASS, along with additional images from 

ECaLS not classified in GZ DECaLS, increases our sky coverage 
rom 5000 deg 2 to 19 000 deg 2 , with a proportional increase in
alaxies of all types. This increase in sample size is crucial for
nvestigating specific morphologies (e.g. weak bars) or controlling 
or astrophysical variables (e.g. mass, star formation, environment, 
tc), particularly when constructing volume-limited subsets of well- 
esolved galaxies. Fig. 2 compares our coverage with various existing 
orphology catalogues and surv e ys. 
Classifying morphology at this scale is made possible by com- 

ining citizen science with deep learning. Our general approach is 
o train models primarily on the volunteer labels collected during 
Z DECaLS and then predict what volunteers would have said 

or images from DECaLS’ sister surv e ys. In practice, despite the
imilarity of the images, making accurate predictions is non-trivial. 
ne key complication is label drift (Amos 2008 ). Due to changes

n the Galaxy Zoo decision tree, website content, and other factors,
 olunteer v otes collected in our most recent campaign (2020–2022) 
ay not be equi v alent to v olunteer v otes collected at the start of

he first Galaxy Zoo DECaLS campaign (2015). We would like to 
redict what volunteers might say now, with the current decision 
ree, and not what they might have said during earlier campaigns. 
o benefit from the seven years of Galaxy Zoo labels collected 
uring those earlier campaigns while still predicting what volunteers 
ight say now, we adapt our models to separately predict what a

ypical volunteer would have answered had they voted during each 
ampaign. 

GZ DESI includes fainter ( r < 19.0 versus r � 17.77), smaller (see
ection 5.3 ), and higher redshift ( z� 0.4 versus z < 0.15) galaxies

han Galaxy Zoo DECaLS. We will show that our predictions for
he apparent morphology of these galaxies are reliable (Section 
 ). Ho we ver, the dif ficulty in imaging morphology under such
onstraints causes apparent morphology to be an increasingly poor 
roxy for absolute morphology (i.e. the morphology that would be 
bserved if the galaxy were closer). Researchers using our catalogues 
hould ensure their conclusions are not sensitive to this observational 
ias. 
This paper is structured as follows. We summarize the data 

vailable from the DESI-LS sister surv e ys (DECaLS, MZLS and 
ASS) and our approach to selecting galaxies and constructing 

mages in Section 2 . We describe training our deep learning models
n Section 3 , focusing on our new approach to learn from multiple
alaxy Zoo campaigns simultaneously (unlike in GZ DECaLS 

tself). We measure and compare the accuracy of our models 
gainst other approaches in Section 4 . Finally, we apply the trained
odels to all three sister surv e ys and introduce our catalogues in
ection 5 . 
The morphology catalogues are available for download from Zen- 

do, CDS/Vizier, and NOIRLab’s Astro Data Lab. See Appendix 7 
or further details. The code and weights for our deep learning models 
re available via GitHub. 
 DATA  

.1 Sur v eys 

he Dark Energy Spectroscopic Instrument (DESI) is a cosmology- 
ocused multi-object fibre spectrograph at the 4-m Mayall telescope 
n Kitt Peak, USA. DESI requires images to target its spectroscopic
bers; these are primarily provided by the DESI Le gac y Surv e ys
DESI-LS). 

DESI-LS is composed of three individual surv e ys working in
oncert; DECaLS, BASS, and MzLS. BASS and MzLS co v er the
orthern sky from Kitt Peak, USA; BASS captures g and r -band
mages using the Bok 2.3-m telescope and MzLS captures z-band 
mages with the same 4-m Mayall telescope as DESI itself. We
efer to both surv e ys jointly as BASS/MzLS. DECaLS captures grz
mages of the southern sky from the 4-m Blanco telescope at Cerro
 ololo Inter-American Observatory, Chile. T ogether, DECaLS and 
ASS/MzLS pro vide 14 000 de g 2 of grz targeting images for DESI.
Also notable is the Dark Energy Surv e y (DES), an imaging surv e y

ocused on photometric redshifts. DES is not technically part of the
ESI-LS; the primary surv e y footprint of δ < −18 is too far south

o be observed by DESI from Kitt Peak. Ho we ver, DES is being
onducted with the same instrumentation as DECaLS (DECam on 
he 4-m Blanco telescope), and so DES imaging is included in the
ESI-LS data releases. 
Specifically, DESI-LS DR8 includes all 5000 deg 2 of grz imaging 

aken by DECam as part of DES and released in DES DR2. 
The four surv e ys (DECaLS, BASS/MzLS, and DES) together 

o v er a combined area of 19 437 deg 2 . Their imaging properties
re similar by design; DESI requires depths to be ‘as uniform as
ossible across the surv e y footprint’ for consistent target selection
Dey et al. 2019 ). This was successfully achieved. The DESI-LS
ebsite 1 shows median coadded depths (5 σ detection of a point 

ource) of approximately g = 24.8, r = 24.2, and z = 23.4 for
ECaLS, and g = 24.2, r = 23.8, and z = 23.3 for BASS/MzLS. DES
R2 quotes a median coadded catalogue depth for a 1 ′′ 95 diameter

perture at signal-to-noise ratio = 10 of g = 24.7, r = 24.4, and z =
3.1. This unique combination of deep and wide images is ideal for
arge-scale morphology classification. Consistent imaging properties 
llow us to train deep learning models on volunteer classifications 
or a subset of images and then predict what volunteers would say
or the remainder. 

A subset of DECaLS images in DESI-LS DR5 were previously 
lassified by Galaxy Zoo volunteers. These volunteer classifications 
ere released as part of Galaxy Zoo DECaLS ( W + 22 ). The GZ
ECaLS volunteer classifications provide the bulk of the training 
ata we use in this work. We describe the GZ DECaLS subset
election and labelling process in more detail in Section 3 . 

.2 Source identification and photometry 

he DESI-LS source data base (i.e. the coordinates and basic 
hotometry of identified sources in the DESI-LS images) is con- 
tructed using the Bayesian sourcefinding tool tractor (Lang et al. 
016 ). We query the tractor data base using the Table Access
rotocol (TAP) server made available by the DESI-LS collaboration 
t https://datalab .noirlab .edu/tap to select all extended 2 sources with 
 < 19.0. We selected this cut by visual inspection with the aim of
MNRAS 526, 4768–4786 (2023) 

https://datalab.noirlab.edu/tap
https://www.legacysurvey.org


4770 M. Walmsley et al. 

M

Figure 1. DESI-LS galaxies with their GZ DESI automated morphology measurements. Percentages reflect the percentage of volunteers predicted to select 
that answer. We show only galaxies where at least 15 per cent of volunteers are expected to vote ‘Featured’ and with a redshift below 0.1, to better illustrate the 
detail of our morphology measurements; galaxies are otherwise randomly selected. 
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Figure 2. Sk y co v erage of GZ DESI (i.e. (DECaLS/BASS/MzLS/DES), GZ 

DECaLS (i.e. the DECaLS and SDSS intersection), and DES in DESI-LS 
DR8. 
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Figure 3. Photometric redshifts and estimated stellar masses of GZ DESI 
galaxies. Measurements from Zou et al. 2019 (see Appendix D ). 
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dentifying an approximate limit beyond which galaxies rarely have 
eaningful resolved visual morphology. 
To remo v e stellar contamination, we e xclude sources with an ap-

roximate surface brightness lower than 18 mag arcsec −2 , calculated 
s 

= mag r + 2 . 5 log 10 

(
πr 2 

)
, (1) 

here μ is the surface brightness, mag r the r-band magnitude, and r
he estimated radius. The radius was estimated using 

 = f r DeV + (1 − f Dev ) r Exp , (2) 

here r DeV , f Dev , and r Exp are photometric properties estimated by
ractor . In short, tractor models sources as a weighted mixture
f an exponential (Exp) and a De Vaucouleurs (DeV) light profile. 
t reports the fraction of light attributable to each profile ( f Dev , f Exp )
nd the angular half-light radius of those profiles by band (e.g. r DeV ,
 Exp ). 

Our magnitude r < 19.0, surface brightness μ > 18 mag arcsec −2 

nd non-point-spread function (PSF) selection leads to a total of 
 956 477 sources. Fig. 3 shows the photometric redshifts and 
stimated stellar masses (Zou et al 2019). We download reduced 
ux measurements of each source using the DESI-LS cutout service. 
e refer to these measurements as native images. Native images are 

ownloaded at telescope resolution (0.262 arcsec pixel –1 ) with a field 
f view as similar as possible to the field of view which GZ DECaLS
ould have used, had the galaxy been included in GZ DECaLS. This

s to make the new images on which we make predictions as similar as
ossible to the GZ DECaLS images used for training (i.e. to minimize
he distribution shift). We describe the details of this field-of-view 

alculation in Appendix A . The field of view is calculated according
o the estimated radius of the galaxy, with the aim that galaxies of
ifferent angular size (due to e.g. greater distance) fill a consistent 
ortion of the image. 

.3 RGB images 

e ne xt conv ert the nativ e images to RGB images suitable for human
nd automated classification. As with field of view, we minimize 
istribution shift by following the same process as GZ DECaLS. 
Images are resampled from arbitrary pixel dimensions at native 

elescope angular resolution to 424 ×424 pixels at arbitrary angular 
esolution. We repeat the same colouring process as GZ DECaLS 

 W + 22 ), which typically leads to images with less pronounced
olour than in e.g. GZ2 (Willett et al. 2013 ). 

Images with more than 20 per cent of flux measurements missing
n any band are discarded. 8 733 858 (97.8 per cent of 8 925 926) are
uccessfully downloaded from the DESI-LS cutout service, of which 
 689 370 (99.5 per cent) have no more than 20 per cent missing flux
n any band. Our final sample is thus these 8 689 370 galaxies. 

 M O R P H O L O G Y  CLASSI FI CATI ONS  

ur goal is to provide accurate morphological classifications for 
very galaxy image in DESI-LS. It is not feasible to do this with
olunteers alone. GZ DECaLS collected 7.5 million individual 
olunteer classifications o v er 4.5 activ e years, for an average rate
f approximately 1.7 million classifications per year. At that rate, 
ollecting 40 classifications per DESI-LS galaxy (the standard prior 
o GZ DECaLS) would take approximately 200 yr. Collecting 5 
lassifications, the minimum used by GZ DECaLS (which prioritized 
olunteer ef fort to wards galaxies most informati ve for training
odels, W + 22 ), w ould still tak e an impractical 25 yr. We must

herefore rely on automated methods for most galaxies. 
We have two sources of volunteer classifications with which we 

an train models to make predictions on new DESI-LS images. Our
rst source of labels is the 7.5 million GZ DECaLS classifications
entioned earlier. A subset of these were already used for training
Z DECaLS models. Ho we ver, changes to the Galaxy Zoo website
uring the project mean classifications collected early in GZ DECaLS 

re not necessarily equi v alent to classifications collected at the end.
ection 3.1 describes our method for resolving this shift to train
n all GZ DECaLS classifications. Our second source of labels 
s the additional volunteer classifications collected subsequently to 
Z DECaLS (DESI-LS DR8). We use the new classifications of 
ESI-LS DR8 as additional training data to impro v e our models,
articularly in the faint, high- z, low-angular-size regime not co v ered
y GZ DECaLS. Section 3.2 describes the collection of our additional
abels. 
MNRAS 526, 4768–4786 (2023) 
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.1 Multicampaign training 

Z DECaLS is our key source of training labels, providing 70
er cent of our 10M volunteer classifications (76 per cent of our
01k labelled galaxies). Unfortunately, learning from these labels
s complicated by the fact that labels collected at the start of GZ
ECaLS are not equi v alent to labels collected at the end. This
henomenon is generally known as label shift (Amos 2008 ). Further,
e describe the context and causes of our label shift and then discuss
ow we work around it to train models on all labels simultaneously. 

.1.1 Context and causes of label shift 

Z DECaLS collected classifications o v er three Galaxy Zoo cam-
aigns; GZD-1, GZD-2, and GZD-5, co v ering DECaLS images first
eleased in DESI-LS DR1, DR2, and DR5. GZD-1 and GZD-2
sk identical questions (we will often group them as GZD-1/2).
ZD-5 adjusted those questions based on preliminary results from
ZD-1/2 and on the developing science interests of the community.
ome questions were unchanged, some had minor adjustments (e.g.
rom four to five possible bulge size answers) and some were
ntirely rew ork ed (e.g. to impro v e sensitivity to weak bars and minor
ergers). Volunteers were therefore asked different questions, with

ifferent possible answers, for GZD-1/2 versus GZD-5 galaxies – a
lear incompatibility for standard supervised training approaches. 

Even where the questions and possible answers are unchanged,
olunteers might systematically select from those possible answers
n slightly different ways. Questions were clarified through updates
o the descriptive answer icons, the tutorial, and the field guide.
hese had the explicit intention of slightly altering the distribution of
nswers that volunteers select, in order to better match the scientific
im of the question. Unintended changes are also possible; o v er the
even years between the start of GZD-1 and the end of GZD-5, the
opulation of volunteers itself may have gradually shifted. These
ntentional and unintentional changes mean that volunteers selecting
 given answer to a given question should not be interpreted in exactly
he same way. 

In short, GZD-1/2 and GZD-5 asked slightly different questions
nd received slightly different distributions of responses. We there-
ore cannot naively use the responses for GZD-1/2 and GZD-5 as
nterchangeable training labels. 

The models used to create the Galaxy Zoo DECaLS automated
atalogue side-stepped this issue by training only with responses
rom the GZD-5 campaign. This strategy w ork ed but w as not optimal.
esponses are roughly equally divided between GZD-1/2 (3.43M

esponses) and GZD-5 (3.84M responses) and so the GZ DECaLS
odels were trained using only half of the responses available.
revious work shows that Galaxy Zoo models perform better where
ore training labels are available (Walmsley et al. 2020 ) and so

implifying the training process by discarding half of the labels likely
educed model performance. Further, volunteers kindly contribute
heir time to labelling galaxies and so we have a responsibility to use
hose labels efficiently, that is, to derive as much science value as
ossible. We should ideally use all the training labels available. To
o so, we introduce a new multicampaign loss function that allows
odels to learn from several Galaxy Zoo campaigns simultaneously.

.1.2 Multicampaign loss function 

ifferent Galaxy Zoo campaigns asked different questions with
ifferent possible answers and received different distributions of
olunteer responses. We would like to learn from all of these
NRAS 526, 4768–4786 (2023) 
esponses across campaigns, in order to maximize our training data
nd create better models. To do so, we will treat predicting the
esponses for each campaign as separate prediction tasks that use
he same shared representation. We provide the mathematical details
urther. 

Consider a scenario where some Galaxy Zoo campaign A asks
uestion q A for galaxies G A and campaign B asks question q B 
or galaxies G B . Assume we can encode the volunteer responses
label) for some galaxy g as vectors k A or k B , depending on which
ampaign labelled the galaxy. For example, campaign GZD-1/2
sked volunteers if a galaxy had a bar, with possible answers ‘Yes’
r ‘No’, while campaign GZD-5 offered possible answers ‘Strong’,
W eak’, or ‘No’. W e could encode the volunteer response as vote
ounts, for example k A = [3, 0] if 3 volunteers responded ‘Yes’ during
ZD-1/2 or as k B = [2, 1, 0] if 2 volunteers responded ‘Strong’ and
 volunteer responded ‘Weak’ during GZD-5. Note that k A and k B 
ay be different lengths. 
One simple way to train a single model to predict answers to both

ampaigns would be to write a loss function that, if the galaxy g ∈
 A , treats the model outputs as a prediction of k A , and vice versa

or B . A straightforward implementation would be to concatenate k A 
nd k B (where one would be filled with def ault/mask ed values), use
 model with fixed output dimension D model = D ( k A ) + D ( k B ), and a
oss function that ignores def ault/mask ed values (and hence provides
radients that depend only on the rele v ant question). Conveniently,
he Dirichlet-Multinomial loss function introduced in W + 22 is just
uch a function. 

For each question, the loss takes the form 

 q = 

∫ 

Multi ( � k | � ρ, N ) Dirichlet ( � ρ| � α) d � ρ, (3) 

here for some target question q , � k is the (vector) counts of responses
successes) of each answer, N is the total number of responses (trials)
o all answers, and � ρ is the vector of probabilities of a volunteer
iving each answer. � ρ is drawn from Dirichlet ( � ρ| � α), where the
odel predicts the Dirichlet concentrations � α. Intuitively, this loss

orresponds to the odds of observing k heads (votes for an answer)
fter N coin flips (volunteers asked) assuming a (model-predicted)
istribution for the bias of that coin. See W + 22 for an extended
escription. 
Assuming answers to different questions are independent, the loss
ay be applied to multiple questions via the sum 

log L = 

∑ 

q 

L q 

(
� k q , N q , � f w q 

)
, (4) 

here for question q , N q is the total number of votes for all answers,
� 
 q is the observed votes for each answer, and � f w q is the predictions
f our deep learning model for all answers (which we interpret as the
irichlet � α parameters in equation 3 ). 
W + 22 introduced this loss in the context of questions where some

nswers may have 0 votes. Here, we consider the context where all
nswers may have 0 votes (because the question is not asked in the
ampaign). When all answers have 0 votes, p( a = 0 | � α, N = 0) = 1
or all � α and hence ∂ L 

∂ � α = 0, meaning unanswered questions do not
ffect the training gradients. The loss naturally handles questions
ith no answers. We can therefore train a single model to predict

nswers to different questions in different campaigns. 
What about if the same question is asked in multiple campaigns,

 ut v olunteers gi ve systematically dif ferent answers? Such a scenario
s likely here due to, for example clarified instructions o v er the course
f GZ DECaLS (see Section 3.1.1 ). Our brute-force solution is to
l w ays consider questions as different between campaigns, even if
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he question itself has not changed. We construct a multiquestion 
ulticampaign label vector � K where K i is the votes for answer i and

 inde x es all answers across all questions across all campaigns . For
 galaxy labelled in any single campaign, K i is 0 for any answer a i to
ny question not asked in that campaign. Every answer is al w ays pre-
icted but the prediction only affects training if votes for that answer
re non-zero. Intuitively, this corresponds to having zero recorded 
otes to questions not asked in that campaign. Questions in different 
ampaigns (GZD-1/2, GZD-5, and GZD-8) are ef fecti vely treated 
s separate prediction tasks using the same representation. With this 
etup, the model learns a shared representation for predicting every 
nswer to every question in every campaign, even when the questions
re different or the distributions of answers have changed. 

.2 New volunteer labels 

ur multicampaign loss allows us to jointly learn from volunteer 
esponses to multiple Galaxy Zoo campaigns. While the GZ DECaLS 

odels were trained only on GZD-5 responses, we can now learn 
rom both GZD-1/2 and GZD-5. Further, we can also run new 

ampaigns to collect new responses, and jointly learn from those 
ew responses as well. 
Following the conclusion of GZD-5 (November 2020), we asked 

alaxy Zoo volunteers to label DECaLS images newly released 
n DESI-LS DR8. We later expanded this to include all DESI-
S DR8 images (i.e. also including MzLS and BASS). Galaxies 
ere randomly selected from the catalogue described in Section 2.2 , 

xcluding galaxies already classified by volunteers in GZ DECaLS. 
GB images were constructed as described in Section 2.3 , except that

he field of view was directly set by the weighted half-light radius f DeV 

see Section 2.2 ) rather than approximating the NSA Petrosian radii 
see Appendix A ) as work on those approximations was still ongoing
t the time. The classification procedure was identical to GZD-5 (i.e. 
e made no further changes to the Galaxy Zoo website itself). We

efer to the campaign gathering these new labels as GZD-8. 
While the imaging quality is comparable to GZ DECaLS, the 

alaxies classified are dramatically different. Recall that GZ DECaLS 

equired galaxies to be listed in the NASA-Sloan Atlas (NSA). 
he NSA was derived from SDSS images and hence typically has 
 � 17.77 and z < 0.15. Removing the NSA requirement remo v es this
dditional selection function and hence the newly classified DR8 
alaxies (and indeed all DR8 galaxies) are generally higher redshift, 
maller, and fainter than those classified in GZ DECaLS. 

Between 2020 No v ember and 2022 October, 38 949 volunteers 3 

ade 3.2M classifications of 105k galaxies. As with GZ DECaLS. 4 

e remo v e as statistically unlikely the classifications of 347 users (0.9
er cent) who classified at least 150 galaxies and answered ‘artefact’ 
or a majority of those galaxies. Unlike earlier Galaxy Zoo works, but
n keeping with Galaxy Zoo DECaLS, we do not attempt to re-weight
 olunteer v otes to impro v e consistenc y (‘weighted vote fractions’).
e use the new responses to DESI-LS images as additional training 

ata, which we anticipate will be particularly helpful for making 
ccurate automated classifications of fainter, higher-redshift galaxies 
ot previously labelled. 
 Unique cryptographic hashes derived from IP addresses are used to group 
lassifications made by volunteers not logged in (13 per cent). The original 
P addresses are never revealed to GZ researchers. 
 See W + 22 Section 4.3.1 for a discussion. 

5

c
t
a
p
6

G

.3 Model and training details 

ur model is a variant of EfficientNetB0 (Tan & Le 2019 ) with
he classification head (i.e. the final layer following the global max
ooling) replaced by an alternative head suitable for predicting 
irichlet concentrations. Specifically, the final layer has 98 units, 

ach with a sigmoid acti v ation function scaling the outputs to fall
etween 1 and 101. 5 We chose EfficientNetB0 as our base archi-
ecture to balance performance with practicality. The EfficientNet 
amily is designed to achiev e high-accurac y relativ e to their fast
here, 15ms galaxy –1 ) inference speed. B0 is also small enough
approximately 4M parameters) to be trainable on consumer-grade 
PUs, which we consider critical to making our models useful for
ther astronomers. Appendix B provides full details of constructing 
ur training sets, defining and training our models, and selecting our
yperparameters. 

 M O D E L  P E R F O R M A N C E  RESULTS  

he goal of this paper is to accurately measure visual morphology
or ev ery well-resolv ed galaxy in DESI-LS (Section 2 ). The scale
f DESI-LS requires that we first train models to reproduce the
esponses of Galaxy Zoo volunteers for a small subset of DESI-LS
alaxies, and then use those models to predict how GZ volunteers
ould respond for the bulk of the galaxies. We therefore need to

arefully check that our models do indeed accurately reproduce the 
Z volunteer responses. GZD-8 is a random labelled subset of the
ESI-LS galaxies and so we will measure and aim to maximize
erformance at reproducing GZD-8 responses. 
In Section 4.1 , we show how training on all campaigns impro v es

erformance at reproducing responses to every GZD-8 question. 
n Section 4.2 , we provide additional metrics for the GZD-8 per-
ormance of our best-performing (trained on all campaigns) model 
esign. In Section 4.3 , we compare our predictions and performance
etrics to other automated morphology catalogues in the literature. 

.1 Performance versus single survey training 

he loss we introduce (Section 3.1.2 ) allows us to simultaneously
rain to predict volunteer votes for several campaigns. Here, we 
how that training on all campaigns at once significantly impro v es
erformance at every GZD-8 question. 
We have three campaigns to learn from: GZD-1/2, GZD-5, and 

ZD-8. We want to maximize performance on GZD-8, being a 
andom subset of our DESI-LS catalogue. Which campaigns should 
e choose to learn on to maximize GZD-8 performance? 
We investigate four training scenarios: GZD-8 only, GZD-5 only, 

ZD-1/2 and GZD-5, and all campaigns (GZD-1/2/5/8). We train 
ve models for each training scenario, each on different random 

0 per cent/10 per cent/20 per cent train/validation/test splits of the
ampaigns used. We report performance on that model’s GZD-8 test 
et. 6 Reporting the test set performance is valid because we make
o further changes to the design; the model hyperparameters were 
MNRAS 526, 4768–4786 (2023) 

 Outputs below 1 allow for bimodal vote fraction posteriors, which would 
omplicate our reporting of the mean vote fractions and associated uncer- 
ainties. The 1–101 range sets the maximum posterior skew towards a given 
nswer, which we find useful for numerical stability when training with mixed 
recision (at the cost of restricting expressivity for the most extreme galaxies). 
 If GZD-8 is not used for training, we simply pick a random 20 per cent of 
ZD-8 for e v aluation. 
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reviously chosen to maximize performance when training on GZD-
 only (App. B ). 
Fig. 4 shows model performance for each training scenario, broken

own by question and answer. We report the mean vote fraction
rror (i.e. the difference between the actual and predicted fraction
f volunteers giving a specific answer, averaged over all GZD-8
alaxies) for each training scenario. 

We find that training on all campaigns and predicting on GZD-
 performs best and dramatically outperforms training on GZD-8
lone. The vote fraction error impro v es for ev ery question. Typical
mpro v ements are in the range 20 per cent–40 per cent, with an
v erage impro v ement o v er all questions of 27 per cent. We discuss
ach comparison in detail further. 

Our baseline scenario is training only on GZD-8. This follows the
ypical approach in the literature of training and testing on subsets
f the same labelled galaxy catalogue. Using random subsets of the
ame catalogue a v oids issues including label shift described earlier
Section 3.1.1 ). Ho we ver, the GZD-8 trained models underperform
ur second scenario: training only on GZD-5. 
Training only on GZD-5 represents taking the models trained

or GZ DECaLS, which only learned from GZD-5, and directly
redicting what GZD-8 volunteers would say for DESI-LS galaxies.
ithout GZD-8 responses to train on, the model cannot predict
ZD-8 responses themselves. Instead, we take the predicted GZD-5

esponses and compare them to the actual GZD-8 test set responses.
e find that the models outperform models trained only on GZD-
 (earlier) at all questions other than ‘smooth or featured?’. We
elieve this is because there are far fewer labelled galaxies in
ZD-8 (96k) than in GZD-5 training responses (223k) and so

ny label shift between GZD-5 and GZD-8 is outweighed by the
hange in training data set size. Additional experiments (not shown)
raining on an equal number of GZD-1/2 and GZD-5 galaxies (96k)
onfirm that training on fewer galaxies reduces performance, as
xpected. 7 

Later, we use our multicampaign loss to train on both GZD-1/2
nd GZD-5. Introducing GZD-1/2 impro v es model performance for
ll questions o v er the GZD-5 trained v ersion – ev en though we
ave still not introduced any GZD-8 training labels. This suggests
hat learning to predict GZD-1/2 responses helps the model predict
ZD-5 responses, which in turn better match the GZD-8 test

esponses. 
Finally, we can additionally train on the newly collected GZD-

 labels to further impro v e performance. Models trained on all
ampaigns – GZD-1/2, GZD-5, and GZD-8 – perform best. The
odels can learn an ef fecti ve representation from the large combined

raining set (10.3M total responses) while also benefiting from
raining labels specifically drawn from the same distribution as the
est set. 

.2 Performance breakdown 

e described before how our multicampaign loss impro v es model
erformance when compared to alternative approaches. We now
NRAS 526, 4768–4786 (2023) 

 Interestingly, training on 96k GZD-1/2/5 galaxies outperforms training on 
6k GZD-8 galaxies (not shown). This may suggest that the active learning 
ystem used during GZD-5 ( W + 22 ) successfully prioritized labelling the 
alaxies most informative for training models, or may simply reflect that the 
ower redshift of GZD-1/2/5 galaxies makes the typical GZD-1/2/5 galaxy 

ore informative than GZD-8 galaxies. 

t  

f

8

i
9

t

rovide further practical details on the final performance of our
odels. 
Appendix C shows confusion matrices when predicting the ma-

ority volunteer response for GZD-8 galaxies. When calculating
onfusion matrices for each question, we only consider galaxies
here a majority of volunteers were asked that question. This is
ecause not every question is relevant to every galaxy. It is not
eaningful to measure whether we can accurately predict whether

olunteers would label smooth galaxies as having tight or loose
piral arms, for example. Filtering to galaxies where at least half the
olunteers were asked that question ensures that the predictions are
ele v ant to each galaxy. 8 

Confusion matrices for the majority response are useful for
uilding an intuition for typical performance, but dividing galaxies
nto discrete classes (e.g. ‘Smooth or featured?’) neglects the rich
nformation our model provides (e.g. ‘how smooth?’, as measured by
he predicted ‘smooth’ vote fraction). We recommend that practicing
stronomers use our posteriors or predicted vote fractions (see
.g. Smethurst et al. 2015 ) rather than binning to the most likely
esponse. 

How can we measure the accuracy of our predicted vote frac-
ions? If we asked an infinite number of volunteers then we could
traightforwardly compare the predicted and true vote fractions.
o we ver, we don’t know what an infinite number of volunteers
ould say – we only know the observed vote fractions from our
nite ( N = 1–40) crowd of volunteers. There is an intrinsic counting
ncertainty around the true vote fractions. To work around this,
e calculate analytic posteriors for the true vote fractions given
ur observed volunteer votes. 9 We then sample possible observed
ote fractions and measure their typical deviation from the now-
nown true vote fractions. In short, we are constructing a realistic
et of possible true vote fractions and then simulating the error
ntroduced by trying to measure observed vote fractions with N
olunteers. This is the minimum error that even a perfect model would
xperience. 

Fig. 5 compares the vote fraction errors measured by our model
predicted v ersus observ ed) against the minimum possible error (true
 ersus observ ed in our catalogue). The minimum error is attributable
o statistical chance and any additional error is introduced by our
odel. We also show a baseline naive model which al w ays guesses

he mean vote fraction for that answer. Finally, to build intuition, we
lso show the expected error from asking N volunteers where N may
e more or less than the actual number of volunteers asked in our
atalogue. 

The model predictions are typically as accurate as asking that
uestion to around 15 volunteers. On questions where the model
erforms best, like ‘smooth or featured?’ and ‘edge-on disc?’, the
odel is as accurate as asking approximately 20 volunteers. On

uestions where the model performs relatively w orse, lik e ‘spiral
rms?’ and ‘bar?’, the model is as accurate as asking 6–10 volunteers.
or questions with more than tw o answers, lik e ‘merger?’ (with
nswers no/minor disturbance/major disturbance/merging), perfor-
ance varies by answer similarly to Fig. 4 . The model approaches

he theoretical maximum agreement with our observed vote fractions
or the edge-on disc and merger questions. 
 We recommend this as a general practice and mark rele v ant galax- 
es/questions in our catalogues. See the Zenodo repository for instructions. 
 The posterior for the bias of a coin assuming a uniform prior is well-known 
o be p ( θ | k , n ) = β( k + 1, n − k + 1). 
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Figure 4. Training only on GZD-8 (blue, 96k galaxies) is typically worse than training only on GZD-5 (orange, 223k galaxies), likely due to GZD-8 being a 
smaller training sample. Adding GZD-1 and GZD-2 to GZD-5 (green, 305k) impro v es performance. Training on all four data sets (GZD-1/2/5/8, red, 401k) 
performs best at every question. Left: mean error when predicting GZD-8 volunteer vote fractions, for otherwise-equi v alent models trained on different label 
subsets. Right: as left, but showing percenta g e chang e in mean v ote fraction error versus training only on GZD-8. Mean v ote fraction error is the difference 
between the actual and predicted fraction of volunteers giving a specific answer, averaged over all GZD-8 test galaxies. Errorbars show the 95 per cent confidence 
interval calculated from five trials with different seeds. 
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MNRAS 526, 4768–4786 (2023) 
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M

Figure 5. Vote fraction errors observed for our model (red) compared against 
the minimum statistical errors introduced by asking a finite number of 
volunteers (grey solid). A naive baseline (al w ays guessing the mean vote 
fraction) is also shown (grey dotted). The blue curve shows the expected 
statistical error from asking N simulated volunteers, where N may be higher 
or lower than the actual number of volunteers asked. We show errors for a 
selection of key questions and answers. 
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.3 Comparison to other automated catalogues 

e would like to compare our classifications to the results of other
utomated approaches. There are no other automated catalogues with
omparable imagery making measurements of comparable detail.
o we ver, se veral recent works have used deep learning to measure

impler visual morphology in DES imaging. DES imaging is a subset
38 per cent by area) of the DESI imaging classified in this work and
herefore some galaxies are classified in both this work and other
orks. In this section, we compare our measurements with those
ES-focused works. 

.3.1 What to compare 

everal authors (introduced later) have used deep learning, trained
n Galaxy Zoo data sets, to predict visual morphologies for DES
alaxies. Ho we ver, these authors used different volunteer labels
from GZ1 or GZ2) which in turn were created with different images
SDSS). 

We therefore make comparisons by using our trained networks
o predict the responses that would be obtained by GZ1 and GZ2
olunteers shown SDSS images. This is a similar but distinct task to
redicting responses from GZ-DESI volunteers who have seen DESI
mages. While the predicted GZ1/GZ2 labels will not be as useful
or most morphological science, as the deeper DESI images make
he observed morphology more likely to reflect the ‘true’ intrinsic

orphology (Section 5.3 ), they do allow us to compare our approach
ith others. 
NRAS 526, 4768–4786 (2023) 
We make our comparisons using ROC AUC score (receiver
perator characteristic area-under-the-curv e score, F a wcett 2006 ).
ur scenario is that we hav e sev eral models, each trained on previous
rediction tasks and outputting a scalar score, and we would like
o measure performance on a new but similar prediction task. For
xample, we would like to measure how the DESI-LS models (trained
n DESI-LS) perform at predicting GZ1 responses, in order to
ompare performance on GZ1 with prior work that predicts GZ1
esponses. Since the new task is similar to the tasks for which each
odel was trained, the model scores should be reasonably correlated
ith the labels for the new task. Howev er, the y will not (in general) be

alibrated; we have no reason to expect a score threshold of 0.5 to be
he ideal dividing line between a prediction of class 0 or class 1. The
OC AUC score a v oids the problem of calibration by summarizing

he true positive and false positive rates at every possible score
hreshold. The ROC AUC score is therefore a convenient measure
or how well the scores from a model trained on a previous task
orrespond to the labels of the new prediction task. 

We also consider the scenario of ‘how well could we do at
redicting the new task, if we did not have any machine learning
odels but we did have volunteer answers for every galaxy from

n earlier GZ campaign’. We calculate ROC AUC scores using the
 olunteer v ote fractions for the previous task as prediction scores for
he new task, as if the volunteers were models making predictions.
 or e xample, Table 1 shows the ROC AUC scores calculated using

he fraction of DESI-LS volunteers who answered ‘smooth’ as a
core and the fraction of GZ1 volunteers who answered ‘elliptical’
s a label. 

Using the published predictions of other authors introduces a
elati ve disadv antage for our DESI-LS models. Models generally
ave higher measured performance for the galaxies on which they
ere trained (the training set) than on unseen comparable galaxies

e.g. the test set). In practice, performance on the test set is the
ppropriate measurement; we want to make predictions on new
 alaxies, not g alaxies for which we already have labels. We know
he galaxies on which our DESI-LS models are never trained (the
est set), and so we can ensure we only measure performance on
hese unseen galaxies. Ho we ver, for the models of other authors, we
o not know on which galaxies the other models were trained. We
ave only the all-galaxy public prediction catalogues, and so we must
easure performance on these. We therefore expect our measured

erformance for the models of other authors to fall in-between the
appropriate) lower test set performance and (misleadingly high)
raining set performance. Our performance measurements reported
ere will therefore be slightly biased towards the models of other
uthors. Despite this, we will ultimately show further that our model
ompares fa v ourably. 

.3.2 Cheng 2020 /21 

heng et al. 2020 trained a convolutional neural network (CNN) to
redict Galaxy Zoo 1 (GZ1) volunteer labels given DES images. The
uthors identify ≈2850 galaxies which are imaged in DES Y1 Gold
nd labelled by GZ1 volunteers (using earlier SDSS images) as ‘con-
dently’ (defined as greater than 80 per cent volunteer agreement)
eing either elliptical or spiral. They use these confident responses
s class labels (e.g. 0 if confidently elliptical, 1 if confidently spiral)
nd train a CNN to predict the class labels from processed versions
f the DES Y1 images. 
Cheng et al. 2021 (hereafter C + 21 ) continued this work by

epeating a similar process to train an ensemble of CNNs, and then
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Table 1. Performance metrics for the GZ1 and GZ2 tasks pursued by previous 
authors (before) and the equi v alent DESI-LS tasks (later). Our models 
outperform or match the published predictions of previous authors at the 
tasks they pursued, and significantly outperform those published predictions 
at the equi v alent DESI-LS tasks. 

Task Data set Method AUC Acc. 

GZ1 elliptical C + 21 ∩ GZ1 C + 21 0.858 78.1 per 
cent 

DESI Vols 0.860 77.4 per 
cent 

DESI ML 0.877 81.1 per 
cent 

DESI ML + GZ1 0.955 88.9 per 
cent 

GZ2 smooth DS + 18 ∩ GZ2 DS + 18 0.946 90.1 per 
cent 

DESI Vols 0.935 88.1 per 
cent 

DESI ML 0.967 91.3 per 
cent 

DESI ML + GZ2 0.974 92.4 per 
cent 

GZ2 edge-on DS + 18 ∩ GZ2 DS + 18 0.992 97.0 per 
cent 

DESI Vols 0.981 97.5 per 
cent 

DESI ML 0.999 98.7 per 
cent 

DESI ML + GZ2 0.999 98.9 per 
cent 

GZ2 edge-on VF + 21 ∩ GZ2 VF + 21 0.982 95.0 per 
cent 

DESI Vols 0.997 98.5 per 
cent 

DESI ML 0.999 98.8 per 
cent 

(a) Performance metrics on tasks pursued by previous authors 
(Cheng + 21, Sanchez + 18). Finetuning the final layer (‘ + GZ1’, ‘ + GZ2’) 
of our DESI-LS models impro v es performance. 
DESI smooth C + 21 ∩ GZ1 C + 21 0.712 68.7 per 

cent 
GZ1 Vols 0.829 76.4 per 

cent 
DESI ML 0.964 89.6 per 

cent 
DESI smooth DS + 18 ∩ GZ2 DS + 18 0.899 83.0 per 

cent 
GZ2 Vols 0.924 87.2 per 

cent 
DESI ML 0.955 88.9 per 

cent 
DESI edge-on DS + 18 ∩ GZ2 DS + 18 0.984 96.1 per 

cent 
GZ2 Vols 0.993 97.8 per 

cent 
DESI ML 0.994 97.9 per 

cent 
DESI edge-on VF + 21 ∩ GZ2 VF + 21 0.978 94.4 per 

cent 
GZ2 Vols 0.996 98.1 per 

cent 
DESI ML 0.998 98.8 per 

cent 
(b) Performance metrics on the equi v alent DESI-LS tasks to those pursued 
by previous authors (before) using earlier (GZ1/GZ2) data. 
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aking predictions of ‘elliptical’ or ‘spiral’ on DES Y3 images 
21M). These predictions are released as a public catalogue and 
llow the comparisons made here. 

To make our comparisons, we identify the subset of galaxies with
lliptical/spiral predictions from C + 21 , DESI-LS test predictions 
rom our models, and responses from both DESI-LS volunteers 
nd GZ1 volunteers (for ground truth labels). We identify these 
618 galaxies by cross-matching the coordinates of galaxies with 
 + 21 predictions and our DESI-LS galaxy catalogue (Section 2 ).
e previously (Section 4.1 ) trained models on train/validation/test 

ubsets of DESI-LS and measured the quality of their test predictions.
e re-use those test predictions here, selecting the 20 per cent of

alaxies with test predictions from a random DESI-LS model. 
As scores, we use the predicted elliptical probability from C + 21 ’s
odels and the predicted ‘smooth’ vote fraction from our models. 
e then measure the ROC curves achieved by those scores against

wo definitions of target label. 

.3.3 Dominguez-Sanchez 2018/22 and Vega-Ferraro 2021 

om ́ınguez S ́anchez et al. 2018 (DS + 18) trained models to predict
in addition to non-GZ tasks) how the majority of GZ2 volunteers
ould respond to the questions ‘smooth or featured?’, ‘edge-on?’, 

bar?’, ‘bulge prominence?’, ‘edge-on bulge shape?’, and ‘merger?’ 
or galaxies imaged by SDSS DR7. They then publicly released 
redictions of GZ2 majority responses for the 670k galaxy subset of
DSS DR7 analysed by Meert, Vikram & Bernardi ( 2015 ) (approxi-
ately twice the size of GZ2 itself). DS + 18’s general approach has

ince been used in several related later works on smaller scales for
he MaNGA surv e y. Fischer, Dom ́ınguez S ́anchez & Bernardi ( 2019 )
sed DS + 18’s methodology to predict the morphology of galaxies
n the MaNGA surv e y (DR15, Wake et al. 2017 ) and shares those new
redictions as a value-added catalogue. Dom ́ınguez S ́anchez et al.
 2022 ) extended this value-added catalogue to a later MaNGA data
elease (DR17) with iterative improvements (specifically, making 
djustments to the representation of non-GZ labels and adding model 
nsembling). 

DS + 18’s public catalogue was used as training labels by Vega-
errero et al. 2021 (hereafter VF + 21 ) when constructing a new
atalogue of predicted DES morphologies. VF + 21 released deep 
earning predictions for (in addition to non-GZ tasks) whether DES 

R1 galaxies are edge or face-on, as measured by GZ2 volunteers.
he authors aimed to infer intrinsic morphology, that is, to predict
hat GZ2 volunteers would have said had the galaxy been observed

t lower redshift. In contrast, this work aims to infer apparent
orphology. We therefore compare this work to VF + 21 only on

alaxies which VF + 21 would have used as low-redshift examples.
To make our comparisons, and similarly to the process abo v e with
 + 21 , we identify the subset of galaxies with labels from both GZ2
nd DESI-LS, predictions from either DS + 18 or VF + 21 , and test
redictions from a random DESI-LS model. These galaxies would 
e considered as low redshift (‘ z 0 ’) examples by VF + 21 . We first
ssess how well the models predict if galaxies are featured according
o GZ2 or DESI-LS volunteers. As scores, we use the predicted
featured’ probability from DS + 18’s models and the predicted 
featured’ vote fraction from our models. Next, we assess how well
ach model predicts if galaxies are edge-on according to GZ2 or
ESI-LS volunteers. We choose as scores the predicted ‘edge-on 
isc’ probability from DS + 18’s models or VF + 21 ’s models and
he predicted ‘edge-on disc’ vote fraction from our models. Because 
dge-on is only a rele v ant question if a galaxy is featured, we only
MNRAS 526, 4768–4786 (2023) 
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and ‘Extended’ samples of galaxies newly labelled in GZD-8. 
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ssess performance on galaxies labelled by the majority of volunteers
s ‘featured’. 

.3.4 Results 

ur DESI-LS models match or outperform previous works at the
asks they defined (majority response to GZ1 ‘elliptical’, GZ2
smooth’, and GZ2 ‘edge-on’) without any training on GZ1 or GZ2
abels. Further, we can subsequently train our DESI-LS models
n GZ1/GZ2 labels (finetuning, see Walmsley et al. 2022a ) and
utperform previous works in all cases. 
Our figure-of-merit is the ROC AUC score. This can be interpreted

s the probability that any two galaxies will be ranked in the correct
rder (according to the task labels) by the model scores. We also
how the highest accuracy achieved for any choice of score threshold
according) to provide further intuition. 

Table 1 (a) shows performance metrics for each GZ1 or GZ2 task
i.e. predicting what a GZ1/2 volunteer would say). We compare
erformance between the model of the author who selected that
ask, GZ DESI volunteers answering an equi v alent question, and
ur DESI-LS models before and after finetuning. When we finetune
ur DESI-LS models on GZ1 or GZ2 labels, and test performance
n still-unseen GZ1/GZ2 labels, the finetuned models outperform
revious works at every task. 
Table 1 (a) shows performance metrics for the equi v alent DESI-LS

asks (i.e. predicting what a GZ volunteer would say). Our models
ignificantly outperform previous works at predicting volunteer
esponses for every equivalent DESI-LS tasks. This is expected given
ur new DESI-LS labels but is important to note for astronomers
ooking for the most accurate morphology measurements on DESI-
S images. 

 C ATA L O G U E S  

.1 Automated morphology measurements 

e train an ensemble of five models to make our final DESI-LS
redictions. We aim for our models to perform as well as possible
nd therefore provide them with as many labelled DESI-LS galaxies
s possible. We do not reserve a test set – performance measurements
ade on a test set are reported separately in Section 4 . We still reserve
 small validation set (5 per cent) to use early stopping to a v oid
 v erfitting. We use a different random 5 per cent for each model to
iversify our early stopping condition. 
Each model makes five predictions, each with dropout applied to

he penultimate layer during the forward pass (also known as MC
ropout, Gal 2016 ). Training each model takes approximately 10 h
sing a pair of 40GB NVIDIA A100 GPUs. Making five predic-
ions (on a single A100) takes approx. 15ms galaxy –1 (4k min –1 ).
istributed predictions for all 8.7M galaxies take a matter of hours
n an institutional GPU cluster. This is significantly quicker than the
ime taken to download cutouts from the DESI-LS cutout service (of
rder several weeks). 
The final automated morphology measurements are available via

enodo. 

.2 Volunteer response catalogue 

e anticipate that most astronomers will primarily use the automated
orphology measurements. These align well with the volunteer

esponses (see Section 4 ) and co v er dramatically more galaxies.
o we ver, for astronomers specifically interested in volunteer re-
NRAS 526, 4768–4786 (2023) 
ponses, we also release our new GZD-8 volunteer votes (Section
.2 ). 
For clarity, we divide the newly labelled galaxies into ‘Core’ and

Extended’ samples. The ‘Core’ sample includes galaxies with at
east 36 reliable (Section 3.2 ) volunteer votes and no more than
ve votes for ‘artefact’. Galaxies receiving more than five votes
or ‘artefact’ were immediately retired and receive no further votes.
hese galaxies form the vast majority of the ‘Extended’ sample.

Extended’ additionally includes a very small fraction of galaxies
1.7 per cent) which did not reach 36 total reliable votes. This is due
ither to being uploaded but not fully classified at the conclusion
f DESI-LS, or to the vote reliability process (Section 3.2 ). Fig. 6
hows the total votes per galaxy in each sample. 

We advise astronomers who require reliable v olunteer v ote frac-
ions to begin with the ‘Core’ sample only. Astronomers aiming
o find anomalies may be particularly interested in the ‘Extended’
ample. For training machine learning models, galaxies in the
Extended’ sample have fewer votes and so aggregated class labels
e.g. majority vote fractions) will be noisier. The models trained in
his work use all DR8 votes (i.e. ‘Core’ plus ‘Extended’) as our loss
unction (Section 3.1.2 ) uses the vote counts directly and so noisy
ote fractions are not an issue. 

.3 Apparent versus absolute morphology 

he same galaxy will typically appear less featured when placed
t higher redshift (Bamford et al. 2009 ). It is therefore crucial to
eparately refer to visible morphology (i.e. how a galaxy appears)
nd intrinsic morphology (which we define as how it would appear at
ome reference distance). In analogy to magnitudes, we will refer to
hese as apparent and absolute morphology. The catalogues presented
ere measure apparent morphology; how the galaxies appeared to
alaxy Zoo volunteers and to our models. 
We expect brightness and radius to influence the change in mor-

hology with increasing redshift. At high redshift, fainter features
ill become too dim to distinguish and smaller features will become

oo small to resolve. Fig. 7 shows how galaxy subsets of different
bsolute magnitude and physical radius experience different changes
n apparent morphology with redshift. 
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Figure 7. Trend with redshift of automated vote fractions for ‘Smooth or Featured’. Featured likelihood drops significantly from z = 0 for all galaxy subsets. 
Split by radius, the largest galaxies ( ≈9 kpc) have a similar likelihood of featured votes to typical ( ≈5 kpc) galaxies but have a slower drop in featured likelihood 
as redshift increases. Markers indicate vote fractions in 20 equal-count photo-z bins. Statistical errors are negligible throughout. 
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Split by absolute magnitude, fainter galaxies experience a more 
apid decline in featured fraction than brighter galaxies. This matches 
ur expectation that fainter galaxies will typically have fainter fea- 
ures and that these features will more rapidly fall below the limiting

agnitude of our instrument. Split by physical radius (specifically 
he Petrosian half-light radius), smaller galaxies similarly experience 
 more rapid decline in featured fraction than larger galaxies. This
lso matches our expectation that smaller galaxies will typically 
ave smaller features and that these will more rapidly fall below the
f fecti ve point-spread function of our instrument. 

 DISCUSSION  

his data release uses imaging from DESI-LS DR8. Subsequently to 
his work, additional imaging (particularly from DES in the southern 
ky) has been released in DESI-LS DR9 and DR10. Our models 
ould be used to seamlessly extend our classification catalogue to 
nclude these new images. In general, we hope to ultimately shift to
 pattern where labels are collected and models trained on current 
ata releases, and then those models are immediately applied to new 

ata releases as they become available. 
We showed in Section 3.1 that training on GZD-5 and predicting 

n GZD-8 w ork ed better than training directly on GZD-8, perhaps
ecause the larger size of GZD-5 outweighs any label shift between 
ZD-5 and GZD-8. The practical implication is that without the 
ulticampaign loss we introduce ( 3.1.2 ), we could have better 
easured the morphology of DESI-LS galaxies using existing GZD- 

-trained models ( W + 22 ) than with a new labelling campaign and
e w models. Ho we ver, with our multicampaign loss, we can learn
rom both the previous GZD-5 labels and the new GZD-8 labels and
ltimately make better DESI-LS automated measurements than with 
ither alone. This remo v es a major trade-off for deciding when a
ew labelling campaign is valuable. Earlier, one could either train on
xisting plentiful labels gathered with different images or different 
uestions, or collect smaller numbers of new labels for your images
nd questions. Now, one can do both. 

We noted in Section 5.1 that the time to make predictions on every
mage (of order hours when distributed on our GPU cluster) was far
horter than the time to download those images from the DESI-LS
utout service servers (of order weeks). We anticipate that this will be
 general trend for future large surv e ys; data transfer time will be the
imiting factor rather than prediction time. Remote access initiatives 
ncluding LINCC and ESA Datalabs make it straightforward to run 
lgorithms locally to the data, eliminating the need to transfer data.
his will be ideal for running inference with our final science-ready
odels. But developing the models in this work took several thousand
PU-hours – small in the scale of recent computer science work, but

ubstantially more than could reasonably be expected to be made 
vailable to all external astronomy researchers by remote access 
nitiatives. Unlike classical algorithms, developing machine learning 
odels on a local data subset is not ideal, especially for algorithms
hich include unsupervised components (as the next generation of 
orphology classifiers will likely do). How can we have both all

f the useful data and major compute resources? One path forward
ay be to identify data subsets that are useful to many practitioners

e.g. cutouts of all of the well-resolved galaxies) and transfer them
o a shared HPC resource. We urgently invite community planning 
n this topic. 
This is the first Galaxy Zoo catalogue to include some galaxies
easured only by v olunteer -trained algorithms. For GZ DECaLS, 

alaxies selected as likely to be most informative in training our
odels were prioritized for intensive volunteer labelling (40 votes) 
MNRAS 526, 4768–4786 (2023) 
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ut all other galaxies were still inspected by volunteers (5 votes).
or GZ DESI, covering the full DESI-LS footprint, even 5 votes was
o longer feasible. We anticipate that potential future Galaxy Zoo
atalogues for Euclid and Rubin will likely require classification
t even larger scales and therefore include a greater fraction of
lgorithm-only morphology measurements. The question of how to
est allocate our limited v olunteer v otes will therefore be increasingly
mportant. 

More broadly, ef fecti ve algorithmic systems may let Galaxy Zoo
olunteers may take on increasingly diverse roles. Volunteers may
elp us create small labelled data sets for a panoply of targeted sci-
nce questions (e.g. rings, ram-pressure-stripped ‘jellyfish’ galaxies,
nteracting galaxies, etc.) that label-efficient models then scale up
o arbitrarily large surv e ys. Volunteers may inte grate ‘AI assistants’
nto their workflow, querying the assistant for galaxies similar to
ome galaxy of interest or guiding classification suggestions from
he assistant. Volunteers may discuss galaxies flagged by anomaly-
etecting models, supporting serendipitous disco v ery by design. At
alaxy Zoo, volunteers have al w ays contributed far more than just

nswering the decision tree; we hope that algorithmic tools will
omplement and leverage their uniquely human skills. 

 C O N C L U S I O N  

e have presented detailed morphology measurements for 8.7M
alaxies. Measurements include whether galaxies have bars
strong/weak/none), spiral arms (and their count and winding), and
igns of recent mergers. We include measurements for the vast
ajority (97 per cent) of galaxies brighter than r < 19 in the
ESI Le gac y Surv e ys footprint (19 000 sq de g). We hope that these
easurements will be useful for investigating how morphology and

hysical processes combine to create the diversity of galaxies we
bserve. 
Our measurements are made by deep learning models trained

n Galaxy Zoo volunteer responses from GZ DECaLS campaigns
GZD-1/2, GZD-5) as well as on newly collected volunteer labels
hich we also share (GZD-8). Each campaign asked volunteers

lightly different questions and received differently distributed an-
wers. To handle this, we introduce a no v el loss function for learning
rom multiple campaigns simultaneously. This allows us to train on
ll responses and thereby create more capable models than we could
rom GZD-8 alone. Our final models are trained on 401k galaxies
abelled with 10M volunteer classifications. They typically predict
he fraction of volunteers selecting a given answer to within 5–10
er cent of the true fraction. 

Our measurements (both volunteer and automated) are available
ia Zenodo. Visible morphology changes significantly with increas-
ng redshift and so we suggest that researchers control for this
bservational bias or focus on low-redshift subsets. 
Our models are available at GitHub along with examples and

ocumentation for adapting them to new data sets. We anticipate that
hese models will continue to evolve and we welcome collaborators.

Measuring the morphology of 8.7M galaxies with volunteers alone
 ould have tak en approximately 200 yr. We achieved this scale
y augmenting our volunteers with capable deep learning models.
his system will allow Galaxy Zoo to rapidly measure detailed
orphology in all upcoming large-area surv e ys. 
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ATA  AVA ILA BILITY  

he data underlying this article are available via Zenodo at https:// 
oi.org/ 10.5281/ zenodo.7786416 (Walmsley et al. 2023 ). Any future 
ata updates will be released using Zenodo versioning – please check 
ou are viewing the latest version. 
The automated morphology catalogue is also available at CDS 

ia ht tps://cdsarc.cds.unist ra.fr/viz-bin/cat/J/MNRAS/526/4768 or 
ia anonymous ftp to cdsarc.u-str asbg.fr (130.79.128.5). CDS offers 
ools including a TAP/ADQL server and the VizieR catalogue viewer. 

The catalogue is also available at NOIRLab’s Astro Data Lab via 
ttps://datalab .noirlab .edu/galaxy zoo desi/. Astro Data Lab offers 
ools including an ADQL web interface and remotely hosted Jupyter 
otebooks. 
The code and trained models underlying this article are available 

t ht tps://github.com/mwalmsley/zoobot . 
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Figure A2. As with Fig. A1 , but for tractor sources reported as having De 
Vaucouleurs (DeV) dominated light profiles. r DeV is the half-light radius of the 
r-band De Vaucouleurs profile reported by tractor . Empirical relationships 
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PPENDIX  A :  FIELD-OF-VIEW  SELECTION  

Z DECaLS images had a field of view calculated using the 50
er cent and 90 per cent Petrosian radii reported by the NSA pho-
ometry pipeline applied to SDSS images (see W + 22 equation 1 ).
DSS images and NSA photometry are not available outside the
DSS footprint and so cannot be used to set the field of view
irectly. Ho we ver, 614k galaxies (96 per cent) of galaxies in the
SA cross-match to extended sources in the DESI-LS catalogue
NRAS 526, 4768–4786 (2023) 

igure A1. Estimating SDSS/NSA radii measurements from DESI- 
/ tractor measurements, for tractor sources reported as having 
xponential-dominated or hybrid light profiles. r Exp is the half-light radius of 
he r-band exponential profile reported by tractor , while petro th50 
nd petro th90 are the 50 per cent and 90 per cent Petrosian radii reported 
y the NSA. Blue points are galaxies with both tractor and NSA 

easurements, and red curves are the resulting non-parametric LOWESS 
t (local sampling fraction of 0.3). 

are fit separately for galaxies with o v er 5 per cent tractor -masked pixels 
( fracmasked ), as these follow a qualitatively different relationship. 

Figure A3. Change in resized pixel scale (pixscale), proportional to field of 
view in the final resized RGB images. The vast majority of galaxies have 
a tractor -estimated pixel scale within 20 per cent of the pixel scale they 
would have had if we had access to NSA Petrosian radii. They would therefore 
have similar fields of view to GZ DECaLS galaxies, ensuring our DECaLS- 
derived labels remain applicable. 
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10 arcsec matching radius) and hence have both NSA and tractor
hotometry. We use these galaxies to estimate the NSA Petrosian
adii from tractor photometry. 

Recall (Section 2.2 ) that the DESI-LS sourcefinding algorithm
ractor models sources as a weighted mixture of exponential
nd De Vaucouleurs light profiles. Most sources are well described
y a single profile (which we define as at least 95 per cent of the
ux accounted for); 55 per cent are DeV-dominated, 32 per cent
re Exp-dominated, and the remaining 12 per cent are hybrid. For

http://dx.doi.org/10.1093/mnras/stv161
http://dx.doi.org/10.1093/MNRAS/STAB2340
http://arxiv.org/abs/1905.11946
http://dx.doi.org/10.7717/peerj.453
http://dx.doi.org/10.1093/MNRAS/STAB594
http://dx.doi.org/10.1038/s41592-019-0686-2
http://dx.doi.org/10.3847/1538-3881/AA7ECC
http://dx.doi.org/10.1093/mnras/stz2816
http://dx.doi.org/10.1093/mnras/stab2093
http://dx.doi.org/10.48550/arxiv.2206.11927
http://dx.doi.org/10.5281/zenodo.7786416
http://dx.doi.org/10.1093/mnras/stt1458
http://dx.doi.org/10.1093/mnras/staa3764
http://dx.doi.org/10.3847/1538-4365/ab1847


Galaxy Zoo DESI 4783 

e
fi
N
t
w
p
D
r
e
(

l
p
g  

h
t
G
a

A
D

S
m
A
b
s

B

O  

l
–
n

a  

c
w
o  

g  

e
G  

G
t  

p
u  

c  

1  

e  

e

B

O  

(
i  

a
v
b

1

Table B1. Counts of galaxies and volunteer votes present in our GZD-1/2, 
GZD-5, and GZD-8 training catalogues. Galaxies classified in more than one 
campaign are placed in the training catalogue for the campaign in which they 
received the most votes. All votes from all campaigns are kept, and hence 
some GZD-1/2 galaxies have some votes collected during GZD-5 and vice 
versa. 

Catalogue Galaxies GZD-1/2 Votes GZD-5 Votes GZD-8 Votes 

GZD-1/2 82k 3.26M 175k 0 
GZD-5 223k 253k 3.83M 0 
GZD-8 96k 0 0 3.06M 
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ach population (DeV-dominated, Exp-dominated, and hybrid), we 
t the relationship between the tractor -measured shape and the 
SA-measured Petrosian radii (50 per cent and 90 per cent). We 

hen use these empirical relationships to estimate the Petrosian radii 
hich would have been measured for galaxies with only tractor 
hotometry, and hence to estimate the field of view which GZ 

ECaLS would have used. Figs A1–A2 shows these empirical 
elationships. Note that these relationships can only be reliably 
stimated where sufficient data exists; we discard 30 551 galaxies 
0.03 per cent) with extreme tractor -reported sizes. 

Fig. A3 shows the percentage change in field of view calcu- 
ated with our empirical estimates of NSA radii from tractor 
hotometry versus directly from NSA radii. The clear majority of 
alaxies are within 20 per cent of the field of view that would
ave been used in GZ DECaLS. Our new DESI-LS images will 
herefore have similar fields of view to the previously labelled 
Z DECaLS images, ensuring our DECaLS-derived labels remain 

pplicable. 

PPEN D IX  B:  M O D E L  A N D  T R A I N I N G  

ETA ILS  

ections 3.1.2 and 3.2 describe our core advances, namely, a new 

ulticampaign loss and new volunteer responses as labels. This 
ppendix documents additional details which are not no v el advances 
ut are important for reproducibility and of potential interest to the 
pecialized reader. 

0.1 Training catalogues 

ur models are trained on galaxies drawn from three v olunteer -
abelled catalogues, corresponding to three Galaxy Zoo campaigns 
GZD-1/2, GZD-5, and GZD-8. This subsection includes practical 

otes on the construction of these catalogues. 
We require that galaxies only appear in a single catalogue, to 

 v oid the possibility of duplicated galaxies (and hence train/test
ontamination) when training on multiple catalogues. Galaxies that 
ere classified in multiple campaigns are assigned to the catalogue 
f the campaign in which the y receiv ed the most responses. Every
alaxy is listed exactly once and, when listed, it has responses from
very campaign it appeared in. 31 747 galaxies appear 10 in both 
ZD-1/2 and GZD-5. Of those, 24 633 have more total votes in
ZD-1/2 and are placed in the GZD-1/2 training catalogue, while 

he remaining 7114 galaxies have more total votes in GZD-5 and are
laced in the GZD-5 training catalogue. When selecting galaxies to 
pload for GZD-8, we remo v ed an y galaxies listed in the tractor
atalogue (Section 2 ) within 5 ′′ of a galaxy already uploaded in GZD-
/2 or GZD-5, and hence there are no GZD-8 galaxies classified in
arlier campaigns. Table B1 reports the galaxies and vote counts for
ach training catalogue. 

0.2 Model details 

ur base model is Ef ficientNetB0. Ef ficientNetB0 is the smallest
by parameter count) version of the EfficientNet architecture family 
ntroduced by Tan & Le ( 2019 ). W + 22 Section 5.1 provides
n astronomer-orientated introduction to the enhancements made 
ersus prior architectures. Fielding, Nyirenda & Vaccari ( 2021 ) 
enchmarked the performance of our code and found EfficientNet 
0 As recorded by their NSA ‘iauname’ identifier. 1
ompetitive with other architectures. As in W + 22 , we replace Effi-
ientNetB0’s default head with a single dense layer of one unit per an-
wer, each with a sigmoid acti v ation to ensure Dirichlet-appropriate
utputs between 1–101. Unlike W + 22 , we separately predict
nswers to every GZ DESI campaign (Section 3.1.2 ) and hence we
ave 98 output units. We adjust the EfficientNetB0 weights using the
dam optimizer (Kingma & Ba 2015 ) with the hyperparameters be-

ow (Section A0.3 ). We experimented with reducing the learning rate
n loss plateau and found no convincing evidence that this impro v ed
erformance. 
We train our models using 2 40GB NVIDIA A100 GPUs available

ia IRIS. 11 We train using PyTorch ’s ‘distributed data parallel’ 
onfiguration, that is, each model draws subbatches from a different 
xed data split and shares weight updates. Training time for each
odel depends on the data set chosen. Training on GZD-5 (223k

alaxies) takes approx. 6 h while training on all campaigns (GZD-
/2/5/8, 401k galaxies) takes approximately 10 h. 

0.3 Hyperparameter search 

he hyperparameters (and fundamental design) of our base model, 
fficientNetB0 (Tan & Le 2019 ), were chosen to optimize a balance
f prediction FLOPs and test accuracy on ImageNet (Russakovsky 
t al. 2015 ). The ideal hyperparameters may vary by task and data set,
nd so it is plausible that better hyperparameters exist for our specific
oal of predicting Galaxy Zoo volunteer votes. In this Appendix, we
earch for those better hyperparameters, and find that the published 
yperparameters are indeed close to optimal for our specific task. 

It is important to a v oid the possibility that our reported perfor-
ance impro v ements from training on all campaigns (Section 4 ) are

aused by the hyperparameters of the model simply being highly 
uned to learning from all campaigns. To a v oid this, we only tune our
yperparameters using the GZD-5 campaign data. 

Our hyperparameter search procedure is as follows. We first select 
ur hyperparameters to optimize, dividing them into architectural or 
ugmentation hyperparameters. For our architectural parameters, we 
elect the image size (as interpolated and input to the network), the
atch size, the learning rate, the drop-connect rate, the (head) dropout
ate, and the β0 momentum parameter of the Adam optimizer. 
or our augmentation parameters, we select the upper and lower 
ounds of the relative crop size and the upper and lower bounds
f the cropped aspect ratio. We then e x ecute a random search
or each set of hyperparameters, that is, we train many models
ith randomized architectural or augmentation hyperparameters. We 

rain 152 models with randomized architectural parameters and 55 
odels with randomized augmentation parameters, reflecting our 

arger architectural search space. Random searches are robust and 
MNRAS 526, 4768–4786 (2023) 

1 https:// www.iris.ac.uk/ 

https://www.iris.ac.uk/
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Figure B1. Architectural hyperparameter search results for batch size 
(upper), image size (middle), and learning rate (lower). Larger batch sizes and 
larger images are likely helpful. The ideal learning rate is likely close to the 
conventional 10 −3 value. Test loss given a hyperparameter is calculated after 
filtering for models where the other hyperparameters are close to optimal, 
that is, after fixing batch size to 128 or 256, and/or image size to 224 or 260. 
Errorbars show the 95 per cent confidence interval on the mean test loss. 
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f fecti ve when the important hyperparameters are not previously
nown Bergstra, Ca & Ca ( 2012 ). We assume that the best choice
f architectural parameters is independent of the best choice of
ugmentation parameters, and so they can be searched separately. 

When training each model, we divide GZD-5 into random
rain/validation/test splits of size 70 per cent/10 per cent/20 per cent.

e train the model until the validation loss does not decrease for 10
pochs (early stopping) and then record the test loss. Optimizing the
est loss is appropriate because the validation loss will be biased low
ue to early stopping, and because we will make no further changes
o the model design before retraining on additional campaigns and
eporting our performance. 

Fig. B1 shows the effect of key architectural hyperparameters. We
nd that larger batch sizes and larger image sizes likely impro v e
erformance. We find that the ideal learning rate is likely close to
he conventional default of 10 −3 (which we ultimately opt to use).

e find no significant evidence that the drop-connect rate, dropout
ate or β0 momentum affect performance on our task, and set these
o their conventional defaults (0.2, 0.5, and 0.9, respectively). 

We ultimately select a batch size of 256 (512 across both GPUs)
nd an image size of 224. We felt that the additional memory footprint
f training on larger images was not a sensible trade-off. Our goal is to
reate models which other researchers can easily finetune. The image
ize during finetuning must match our (pre-)training image size and
o (pre-)training on larger images would significantly increase the
emory footprint required to use our models (e.g. + 60 per cent

or 300 ×300 versus 224 ×224 images) We prefer to create models
hich have slightly less-than-optimal performance but are practical

or other researchers to use. 
For the augmentation hyperparameters, we find no significant

vidence that either relative crop size and cropped aspect ratio affect
est performance, and so we arbitrarily set these hyperparameters
o visually sensible values (0.7–0.8 relative crop size bounds and
.9–1.1 cropped aspect ratio bounds). 

PPENDI X  C :  G Z D - 8  C O N F U S I O N  MATRICES  

his Appendix shows the confusion matrices for each question for
 random model trained on all campaigns (GZD-1/2/5/8) making
redictions on a random 20 per cent test subset of GZD-8. 
Our models predict posteriors for the expected distribution of

ossible responses. Here, for intuition only, these posteriors are
onverted to discrete classifications by rounding the observed vote
raction (label) and mean of the expected vote count posterior
prediction) to the nearest integer. The matrices then show the
ounts of rounded predictions ( x -axis) against rounded labels (y
xis). To a v oid the loss of information from rounding, we encourage
esearchers not to treat Galaxy Zoo classifications as discrete,
nd instead to use the full vote fractions or posteriors where
ossible. 
We define a correct classification as one where the answer with the

ighest predicted vote fraction matches the answer with the highest
ctual volunteer vote fraction. We also apply the minimum total votes
f 34 and rele v ance criteria described in Section 4.2 ). 
Figs C1 –C2 shows confusion matrices for all galaxies passing

he total votes and rele v ance criteria abo v e (left) and for only those
alaxies where volunteers were confident (right), defined as the actual
 olunteer v ote fraction being greater than 0.8. 
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Figure C1. Confusion matrices for each question, made on the 11 349 
galaxies in the (random) GZD-8 test set with at least 34 votes. Classifications 
are considered correct if the answer with the highest predicted vote fraction 
matches the answer with the highest actual volunteer vote fraction. For each 
question’s confusion matrix, we only show galaxies where a majority of 
volunteers were asked that question (see main text). The right-hand matrices 
are additionally filtered to only show galaxies where the volunteers were 
confident. This is defined as the actual v olunteer v ote fraction being greater 
than 0.8, that is, where at least 80 per cent of volunteers agreed on an answer. 

Figure C2. Continuing Fig. C1 abo v e. 
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PPENDI X  D :  CROSS-MATCHI NG  TO  

XTERNA L  DATA  

alaxy morphology is one of many measurable galaxy properties. We 
ave cross-matched our GZ DESI morphology catalogue to several 
MNRAS 526, 4768–4786 (2023) 
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xternal catalogues of other galaxy properties. We hope that this
ill help reveal how morphology affects, and is affected by, those
roperties. 
We include data from the NSA (Aguado et al. 2019 ), the OSSY

ype 1 AGN catalogue (Oh et al. 2015 ), the Arecibo Le gac y F ast
LFA Surv e y (ALFALFA, Haynes et al. 2018 ), the MPA-JHU SDSS
R7 derived properties catalogue (Abazajian et al. 2009 ), and the
ESI photometric redshift catalogue by (Zhou et al. 2021 ). Please

redit the original authors of these external catalogues when using
heir data. 

We cross-match the quoted (optical) coordinates of sources in
ach of the abo v e catalogues with the tractor source catalogue
NRAS 526, 4768–4786 (2023) 

Published by Oxford University Press on behalf of Royal Astronomical Society. This is an 
( https://cr eativecommons.or g/licenses/by/4.0/), which permits unrestricted reus
oordinates underlying our morphology catalogue. We match sources
ithin 10 arcsecs. For the rare case where multiple external sources
atch a tractor source, the closest external source is selected and

ny remaining sources are dropped. 
We combine the redshifts from these external catalogues for Fig. 7

nd when selecting the low-redshift subsets in our data release. We
elect redshifts in the following priority order: SDSS spectroscopic
edshifts from the NSA, then from OSSY, and then the spec z and
hoto z columns from Zhou et al. ( 2021 ). 
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