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A B S T R A C T 

We present the first cosmological constraints from a joint analysis of galaxy clustering and galaxy–galaxy lensing using extended 

SubHalo Abundance Matching (SHAMe). We analyse stellar mass-selected Galaxy And Mass Assembly galaxy clustering and 

Kilo-Degree Survey (KiDS-1000) galaxy–galaxy lensing and find constraints on S8 ≡ σ8 
√ 

�m 

/ 0 . 3 = 0 . 793+ 0 . 025 
−0 . 024 , in agreement 

with Planck at 1.7 σ , with σ8 the mass density fluctuation amplitude in 8 h−1 Mpc sphere at present and �m 

the density parameter 
in total matter. These results are in agreement with the cosmic microwave background results from Planck . We are able to 

constrain all five SHAMe parameters, which describe the galaxy–subhalo connection. We validate our methodology by first 
applying it to simulated catalogues, generated from the TNG300 simulation, which mimic the stellar mass selection of our real 
data. We show that we are able to recover the input cosmology for both our fiducial and all-scale analyses. Our all-scale analysis 
extends to scales of galaxy–galaxy lensing below rp < 1 . 4 Mpc h−1 , which we exclude in our fiducial analysis to avoid baryonic 
effects. When including all scales, we find a value of S8 , which is 1.26 σ higher than our fiducial result (against naive expectations 
where baryonic feedback should lead to small-scale power suppression), and in agreement with Planck at 0.9 σ . We also find 

a 21 per cent tighter constraint on S8 and a 29 per cent tighter constraint on �m 

compared to our fiducial analysis. This work 

shows the power and potential of joint small-scale galaxy clustering and galaxy–galaxy lensing analyses using SHAMe. 

Key words: cosmological parameters – large-scale structure of the Universe. 
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 I N T RO D U C T I O N  

maging galaxy surveys have been highly successful at constraining 
he current cosmological model (C. Heymans et al. 2021 ; T. M. C.
bbott et al. 2022 ; H. Miyatake et al. 2023 ). In particular, they have
laced constraints on the matter density of the Universe �m 

and 
he amplitude of matter fluctuations 1 S8 that are now competitive 
ith cosmic microwave background (CMB) experiments (Planck 
ollaboration VI 2020 ). The most powerful results generally come 

rom combining measurements of the clustering of galaxies, how 

ark matter mildly distorts galaxy images via weak gravitational 
 E-mail: constance.mahony@physics.ox.ac.uk 
 As is usual, we will quantify the amplitude of matter fluctuations in terms of 

8 : the standard deviation of the linear matter overdensity field on spheres of 8 
−1 Mpc radius, where h is the Hubble constant in units of 100 km s−1 Mpc −1 . 
e will also use the ‘clumping’ parameter S8 , defined in terms of σ8 and �m 

s S8 ≡ σ8 ( �m / 0 . 3)0 . 5 . 
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ensing, and how the structure traced by foreground galaxies distorts 
ackground galaxy images (galaxy–galaxy lensing). Recently, there 
as been much discussion regarding a potential tension between the 
alue of S8 recovered by galaxy surveys and that preferred by CMB
ata within the Lambda cold dark matter ( � CDM) model, with one
f the main proposed solutions being potential uncertainties in the 
odelling of these three observables on small scales (M. Yoon et al.

019 ; M. Yoon & M. J. Jee 2021 ; A. Amon & G. Efstathiou 2022 ;
. Aricò et al. 2023 ; C. Preston, A. Amon & G. Efstathiou 2023 ; C.
arcı́a-Garcı́a et al. 2024 ). While recent weak lensing results from

he Kilo-Degree Survey (KiDS) show no tension with the CMB (B.
tölzner et al. 2025 ; A. H. Wright et al. 2025 ), ensuring accurate
odelling of all observables on small scales remains a priority. 
A common conservative approach to mitigating small-scale un- 

ertainties is to apply scale cuts to the data, removing data points
here these biases are most likely to be relevant (e.g. E. Krause et al.
021 ). However, there are two problems with this. One is that this
pproach involves discarding a huge amount of data, which have 
 wealth of information about galaxies as well as cosmology. The
is is an Open Access article distributed under the terms of the Creative
h permits unrestricted reuse, distribution, and reproduction in any medium,
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econd is that it is difficult to cleanly remove uncertain non-linear
nd astrophysical processes that are not fully localized in either
ourier or configuration space from common observables. Both of

hese issues will be more acute for the next generation of surveys,
uch as Euclid (Euclid Collaboration 2025 ) and the Vera C. Rubin
bservatory Legacy Survey of Space and Time (LSST; Ž. Ivezić

t al. 2019 ), which are already underway. 
The difficulty in modelling small scales comes from linking the

roperties and spatial distribution of galaxies to the underlying matter
nhomogeneities. On large scales, this relationship is linear and
imple to model. However, on small scales, the relationship is non-
inear, non-local, and non-deterministic. One approach to is to expand
he bias perturbatively, which has been shown to be very successful at
xtending analyses to intermediate scales (e.g. F. Beutler et al. 2017 ;
. M. Ivanov, M. Simonović & M. Zaldarriaga 2020 ; G. d’Amico

t al. 2020 ; A. Nicola et al. 2024 ). To extend analyses to even smaller
cales, while achieving the necessary accuracy, requires detailed
odelling of the astrophysics of galaxies. Usually, this modelling

s divided into two parts: how matter clusters into dark matter haloes
nd how galaxies populate these haloes. The distribution of dark
atter haloes is either calculated analytically through the halo model

R. E. Smith et al. 2003 ; R. Takahashi et al. 2012 ; A. J. Mead et al.
021 ), taken directly from dark matter simulations (T. Nishimichi et
l. 2019 ; H. Miyatake et al. 2022 ) or a combination of the two (A.
. Mead & L. Verde 2021 ; C. Mahony et al. 2022 ). Then these dark
atter haloes are populated with galaxies in a second step. 
There are two main approaches to populating dark matter haloes

ith galaxies. The first more popular approach is Halo Occupation
istribution (HOD) modelling, which provides a probabilistic de-

cription for this process. This approach is successful in predicting
alaxy distributions (e.g. S. Contreras et al. 2024 ), but it requires
 large number of parameters and typically does not account for
ariable levels of assembly bias. Assembly bias refers to how
he evolutionary history of haloes impacts the clustering of their
ssociated galaxies, not only their mass (L. Gao, V. Springel &
. D. M. White 2005 ; R. H. Wechsler et al. 2006 ; N. Dalal et al.
008 ). Some extensions to HOD modelling do include assembly
ias (A. P. Hearin et al. 2016 ), but these approaches further increase
he parameter space. The second approach is SubHalo Abundance

atching (SHAM), which matches a dark matter subhalo property to
 corresponding galaxy property. Usually, SHAM relates a property
ummarizing the mass of a dark matter subhalo to the stellar
ass or luminosity of a galaxy. Here, the assumption is that more
assive subhaloes tend to host more luminous galaxies. SHAM can

eproduce both real observations of galaxies (S. Contreras, J. Chaves-
ontero & R. E. Angulo 2023c ) and results from hydrodynamic

imulations (J. Chaves-Montero et al. 2016 ; S. Contreras et al.
023a ). The main advantages of SHAM over HOD approaches is
hat SHAM utilizes fewer parameters and includes a variable level of
ssembly bias. The main disadvantage is that SHAM requires subhalo
nformation, which is computationally expensive and is a key factor in
hy SHAM has not previously been used for cosmological analyses
f galaxy clustering and galaxy–galaxy lensing. However, it is
ossible to overcome these challenges by emulating the observables,
nd access to subhalo information aids in modelling the distribution
f satellite galaxies, which is particularly useful for galaxy–galaxy
ensing (J. Chaves-Montero, R. E. Angulo & S. Contreras 2023 ; S.
ontreras et al. 2023a ). 
Previous works have used HOD modelling to place tight con-

traints on S8 and �m 

from combined analyses of small-scale galaxy
lustering and galaxy–galaxy lensing (A. Dvornik et al. 2023 ; H.
iyatake et al. 2023 ). In this work, we obtain the first cosmological
NRAS 545, 1–14 (2026)
onstraints from a combined analysis of galaxy clustering and
alaxy–galaxy lensing using the SHAM method. In Section 2 , we
resent our extended SHAM methodology, and detail the creation
f our galaxy clustering and galaxy–galaxy lensing emulator. In
ection 3 , we present the galaxy clustering and galaxy–galaxy

ensing data used in the analysis. In Section 4 , we validate our
ethodology on a simulated galaxy sample before presenting our

esults for real data in Section 5 . We conclude in Section 6 . 

 M E T H O D O L O G Y  

.1 Extended abundance matching 

n most implementations, the SHAM model has one free parameter,
he scatter between a given subhalo property (e.g. mass or circular
elocity) and the related galaxy property used to rank them (e.g.
tellar mass or luminosity). However, these implementations provide
imited precision and S. Contreras, R. E. Angulo & M. Zennaro
 2021c ) extended the basic SHAM model to include four additional
arameters. They showed that by including these additional param-
ters, the extended SHAM (SHAMe) model was able to accurately
eproduce galaxy clustering in both real and redshift space in a
tate-of-the-art hydrodynamical simulation. They then additionally
howed that the SHAMe model was able to simultaneously describe
alaxy–galaxy lensing and galaxy clustering in both hydrodynamic
imulations (S. Contreras et al. 2023a , 2024 ) and in real galaxy
bservations (S. Contreras et al. 2023c ). 
The five parameters included in the SHAMe model are 

 σ, tmerger , fk, c + s , fk, c −s , β] . (1) 

n this case, σ is the scatter between Vpeak , the peak maximum circular
elocity of a dark matter subhalo during its evolution, and M� , the
tellar mass or luminosity of the associated galaxy. tmerger regulates
he number of orphan galaxies in the simulation by removing galaxies
hat have been orphans for a large number of dynamical times.
rphan galaxies are galaxies that are no longer associated with a
ark matter subhalo, as the mass of the dark matter subhalo has fallen
elow the resolution of the simulation. Including orphan galaxies is
mportant to reproduce the small-scale galaxy clustering pattern (Q.
uo & S. White 2014 ). 
The parameters fk, c + s and fk, c −s regulate the amount of galaxy

ssembly bias in the sample. Galaxy assembly bias (D. J. Croton,
. Gao & S. D. M. White 2007 ) is the impact of the evolutionary
istory of host haloes on the clustering of their associated galaxies.
pecifically, fk, c + s and fk, c −s represent the sum and the difference
etween the amount of galaxy assembly bias added to central (c) and
atellite (s) galaxies, and they re-order the Vpeak –M� relation for the
alaxies while preserving the original scatter σ . If these parameters
re positive/negative, the model will assign a larger/smaller stellar
ass or luminosity to galaxies with a larger linear galaxy bias,

esulting in a positive/negative correlation. If they are equal to zero
he stellar masses or luminosities are randomly re-assigned. The
ias-per-object is calculated using the method from A. Paranjape,
. Hahn & R. K. Sheth ( 2018 ) and is computed independently for

entrals and satellites, so the satellite fraction is preserved. A deeper
xplanation of this implementation can be found in S. Contreras, R.
. Angulo & M. Zennaro ( 2021a ). 
The final parameter is β, which sets the time-scale for how long

atellite galaxies survive within their host halo. Satellite galaxies
rogressively lose mass and luminosity over time due to dynamical
riction, so eventually no longer have the minimum mass or lumi-
osity required to enter our sample, or even completely disappear
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Table 1. Parameter ranges of the SHAMe emulator; see Section 2.1 for 
details of the SHAMe parameters. These ranges are also the fiducial top-hat 
prior ranges used in our analysis of GAMA galaxy clustering and KiDS-1000 
galaxy–galaxy lensing with SHAMe. 

Parameter Prior 

σ8 [0.65, 0.9] 
�m 

[0.23, 0.4] 
�b [0.04, 0.06] 
ns [0.92, 1.01] 
h [0.64, 0.8] 
σ log M [0.1, 1.8] 
log tmerger [ −1.5, 1.2] 
fk, c + s [ −1.5, 1.5] 
fk, c −s [ −1.5, 1.5] 
β [0.0, 1.0] 

i
w  

A  

v

g  

M  

p  

e
z  

C  

t  

t
 

S  

w  

T
fi
C  

2  

m

t  

g  

r

r
w  

t  

W
s
s

g
p  

p  

T
t  

u  

n
s
t  
nto the intra-cluster medium. Satellite galaxies should therefore be 
emoved if they have been satellites for a long time. For further
etails about the SHAMe parameters, see S. Contreras et al. ( 2021c ).

.2 Galaxy clustering and galaxy–galaxy lensing 

he SHAMe formalism can be applied to the subhalo catalogues of
ravity-only simulations to populate them with galaxies. Summary 
tatistics of the galaxy clustering and galaxy–galaxy lensing can then 
e computed from the distribution of these galaxies. 
The galaxy clustering statistic we use in this work is the projected

orrelation function wp ( rp ), which is found by integrating the three- 
imensional galaxy correlation function ξgg ( rp , rπ) over the line-of- 
ight separation rπ , 

p ( rp ) = 2
∫ rπ,max 

0 
ξgg ( rp , rπ) d rπ , (2) 

here rp is the projected separation between two galaxies and 
π,max is the maximum integration range. We utilize CORRFUNC 

2 

M. Sinha & L. H. Garrison 2020 ) to compute wp ( rp ), and use
π,max = 60 Mpc h−1 to match the measurements from Galaxy And 
ass Assembly (GAMA) used in this work (see Section 3 ). We

nclude the effect of redshift-space distortions in the clustering, but 
hey only have a small impact due to our value of rπ,max . 

The galaxy–galaxy lensing statistic we use in this work is the ex-
ess surface density profile 	
( rp ), where we subtract the projected 
urface mass density 
( rp ) from the mean surface mass density 
ithin a given projected radius 
 ( ≤ rp ), 


( rp ) = 
 ( ≤ rp ) − 
( rp ) . (3) 

he projected surface mass density 
( rp ) is related to the galaxy–
atter correlation function ξgm 

( rp , rπ) by 

( rp ) = 2 �m 

ρcrit 

∫ rπ,max 

0 
ξgm 

( rp , rπ )d rπ , (4) 

here ρcrit is the critical density of the Universe. The mean surface 
ass density within a given projected radius 
 ( ≤ rp ) is given by 

 ( ≤ rp ) = 2 

r2 
p 

∫ rp 

0 

( R′ ) R′ d R′ . (5) 

e again utilize CORRFUNC to compute 	
( rp ), and integrate out to
π,max = 233 Mpc h−1 to match the measurements from KiDS-1000 
see Section 3 ). To compute ξgm 

, we extract a subsampled version of
he dark matter density field from the gravity-only simulation, which 
e then correlate with the distribution of galaxies produced by the 
HAMe formalism. A dilution factor of ∼ 1 / 3000 was previously 
ound to produce 	
( rp ) measurements with sub- per cent precision 
S. Contreras et al. 2023a ). 

.3 SHAMe emulator 

e created an emulator to speed up the computation of galaxy 
lustering and galaxy–galaxy lensing using the procedure described 
n S. Contreras et al. ( 2023b ). Here, we briefly summarize the main
teps in building the emulator. 

(i) We begin by running five gravity-only simulations with varying 
osmology (as described in S. Contreras et al. 2020 ). These simu-
ations have 30723 particles over a (1024 h−1 Mpc )3 volume, which 
 https://github.com/manodeep/Corrfunc 

3

d

s roughly a mass resolution of 3–4 × 109 h−1 M�. 3 The simulations 
ere run using the fixed initial condition technique by R. E. Angulo &
. Pontzen ( 2016 ), which significantly reduces the effect of cosmic
ariance on a simulation, at least for second-order statistics. 

(ii) We scaled these five simulations to 10 000 distinct cosmolo- 
ies by employing the scaling technique of R. E. Angulo & S. D.
. White ( 2010 ). The upper part of Table 1 shows the cosmological

arameters we scaled and the range within which we varied them. For
ach cosmology, we generate an average of eight snapshots between 
 = 0 and z = 2. As demonstrated in S. Contreras et al. ( 2020 ) and S.
ontreras et al. ( 2023b ), the scaled simulations precisely reproduce

he mass distribution of the desired cosmology, needing only 6 min
o scale. 

(iii) We populate each of the ∼ 80 000 scaled snapshots with two
HAMe mocks. The SHAMe parameters used, as well as the range
ithin which they were varied, are shown in the lower part of Table 1 .
hese ranges were chosen based on the model’s performance in 
tting galaxy clustering and galaxy–galaxy lensing simulations (S. 
ontreras et al. 2023a , b , 2024 ) and observations (S. Contreras et al.
023c ). For this work we have assumed the sum of the neutrino
asses to be equal to zero. 
(iv) For each mock, we compute the galaxy correlation func- 

ion ξgg ( rp , rπ) up to a scale of rπ, max = 100 h−1 Mpc , and the
alaxy–matter correlation function ξgm 

( rp , rπ) up to a scale of
π, max = 240 h−1 Mpc for eight galaxy samples with number densities 
anging from nden = 10−4 to 10−2 . 25 h3 Mpc−3 . We then compute 

p ( rp ) and 	
(rp ) using the steps described in the previous sec-
ion, up to a maximum scale of 60 and 233 h−1 Mpc , respectively.

e computed correlation functions with larger values of rπ, max 

o that we could use these calculations for future observational 
amples. 

(v) Using over 1000 000 projected correlation functions and 
alaxy–galaxy lensing calculations, we created an emulator that can 
redict these statistics as a function of the cosmological and SHAMe
arameters, as well as the sample redshift and galaxy number density.
he emulator was built using a feed-forward neural network, similar 

o the one described in R. E. Angulo et al. ( 2021 ). The architecture
sed consists of two fully connected hidden layers, each with 200
eurons, and a rectified linear unit activation function, with each 
tatistic represented by its own network. The neural networks were 
rained with the Keras front-end of the TensorFlow library (M. Abadi
MNRAS 545, 1–14 (2026)

 The mass resolution can vary slightly between the simulations, due to their 
iffering cosmologies. 

https://github.com/manodeep/Corrfunc
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t al. 2015 ). We applied the Adam optimization algorithm with
 learning rate of 0.001 and a mean squared error loss function.
valuating one of these emulators takes ∼ 40 ms on a laptop and
1 . 6 s to evaluate 100 000 samples (it is more efficient to evaluate

he data in larger groups). 

The measurements of wp and 	
 made from the real data
epend implicitly on the fiducial cosmology used to transform
edshifts into distances. This procedure is mimicked in the galaxy
lustering and galaxy–galaxy lensing measurements made from
he simulations used to construct the emulator, assuming that the
bserver uses a fiducial cosmological model (different from that of
he simulation). We adopt the procedure described in J. U. Lange
t al. ( 2019 ), where these effects are incorporated by modifying the
ox geometry and appropriately adjusting the coordinate system.
n doing this, we assumed a fixed Planck -like cosmology, with
m 

= 0 . 314. This is slightly different from the cosmology assumed
n the real data ( �m 

= 0 . 3) (A. Dvornik et al. 2023 ), but we
erified that the difference is negligible given the sensitivity of our
easurements (the effect is less than 7 per cent of the statistical

ncertainties). 

 DATA  

n this work we use galaxy clustering measurements from the final
ata release of the GAMA (S. P. Driver et al. 2022a ), and galaxy–
alaxy lensing measurements from the fourth data release of the
ilo-Degree Survey (KiDS-1000; K. Kuijken et al. 2019 ). These

wo data sets are described below. The lens sample used for galaxy–
alaxy lensing is based on the KiDS Bright sample (M. Bilicki et al.
021 ), and was designed to match the selection of the GAMA sample.
e will thus assume that these lenses and the GAMA sample used

or galaxy clustering have the same properties and are described by
he same SHAMe parameters. This allows us to avoid the significant
mpact of photometric redshift uncertainties in the galaxy clustering

easurements. 

.1 Kilo Degree Survey 

he KiDS is an imaging survey carried out at the European
outhern Observatory VLT Survey Telescope in the ugri broad-
and filters. The data cover a sky area of 1347 deg2 (K. Kuijken
t al. 2019 ; A. H. Wright et al. 2024 ) and are complemented
y fully overlapping infrared photometry in the ZY J H Ks bands
rom the VISTA Kilo-degree INfrared Galaxy (VIKING) survey
A. Edge et al. 2013 ). KiDS was specifically designed for weak
ravitational lensing science and the imaging data reflect this in
heir excellent seeing and well-behaved point-spread function. The
ine-band photometry also assists greatly with the determination
f photometric redshift estimates (photo- z) for the galaxy sam-
le. The r-band data, used for the estimation of galaxy shapes,
ere obtained within strict observing condition limits and reach
 median 5 σ limiting magnitude of 24.8 and median seeing of 0.7
rcsec. 

We use measurements of the galaxy–galaxy lensing signal, based
n KiDS-1000 data, as presented in A. Dvornik et al. ( 2023 )
nd detailed here as well. The sample of source galaxies used as
ravitational shear tracers is detailed in B. Giblin et al. ( 2021 ), with
heir photometric redshift estimates described in H. Hildebrandt et al.
 2021 ). The source sample number density is 6.17 galaxies / arcmin2 

nd spans a photo- z range of 0 . 1 < zB < 1 . 2, where zB is the
stimated photometric redshift. The lens galaxies used as density
NRAS 545, 1–14 (2026)
racers are selected from the KiDS Bright sample (M. Bilicki et al.
021 ). This sample is designed to match the selection of the GAMA
alaxy sample (see Section 3.2 ) for which spectroscopic redshift
nformation is available. The GAMA sample is then used as training
ata for estimating machine-learning-based photometric redshifts
ver the KiDS-1000 area. The resulting lens sample benefits from
ccurate photo- z estimates, with a mean offset of δz = 5 × 10−4 and
 standard mean absolute deviation of σz = 0 . 018(1 + z). Stellar
ass estimates for this sample are also available using the spectral

nergy density template-fitting code LEPHARE (S. Arnouts et al. 1999 ;
. Ilbert et al. 2006 ). See M. Bilicki et al. ( 2021 ) for further details.
The lens galaxy sample is split into six volume-limited stellar mass

ins, the details of this procedure are described in A. Dvornik et al.
 2023 ). We only include the highest four stellar mass bins in our
nalysis, as the lowest two bins are currently outside the maximum
umber density of our SHAMe emulator (see Section 3.4 ). We plan
o extend the number density range of the SHAMe emulator in the
ext version. The stellar mass bin boundaries used in this analysis
re [9.95, 10.25, 10.5, 10.7, 11.3] in units of log ( M� /h

−2 M�) and
he measured 	
 are shown in Fig. 5 . 

.2 Galaxy And Mass Assembly survey 

o complement the galaxy–galaxy lensing measurements and break
egeneracies between cosmological and SHAMe parameters, we
ake use of projected galaxy clustering measurements. However, the

resence of un-modelled photometric redshift uncertainties makes
ttempting this measurement with the KiDS Bright sample difficult.
his was previously identified in A. Dvornik et al. ( 2023 ) and led

o the introduction of an additional photometric dilution parameter.
e also found it challenging to obtain a good fit to the KiDS Bright

hotometric clustering with the SHAMe model used in this study. We
herefore decided to perform galaxy clustering measurements using
he GAMA galaxy sample, which we treat as being described by the
ame SHAMe parameters as the KiDS Bright sample. Note that the
alaxy–galaxy lensing measurements are significantly less affected
y photometric errors (A. Dvornik et al. 2023 ). 
The GAMA survey (S. P. Driver et al. 2011 ) is a spectroscopic

urvey carried out using the AAOmega spectrograph at the Anglo-
ustralian Telescope (AAT) covering approximately 250 deg2 of the

ky in five patches. Of these, we use the three equatorial patches
G09, G12, and G15) that have a homogeneous target selection
ith a Petrosian r-band magnitude limit of rPetro < 19 . 8 mag and

ully overlap with the KiDS survey. The survey’s strategy prioritized
ompleteness, involving multiple passes over the same sky area.
e use data from the final data release (GAMA III; S. P. Driver

t al. 2022b ), which achieves a completeness of 95 per cent with
 limiting magnitude of r < 19 . 72. We make use of stellar mass
easurements from the StellarMassesGKVv24 (E. N. Taylor

t al. 2011 ) Data Management Unit (DMU) and local-flow corrected
edshifts ( Z TONRY column) from the DistancesFramesv14
MU (I. K. Baldry et al. 2012 ). 
The KiDS Bright sample, from which our lens galaxies are chosen,

as been designed to match the GAMA galaxies as well as possible.
n exact match is difficult due to GAMA having been selected on
etrosian r-band magnitude (see M. Bilicki et al. 2021 , for details).
he differences between these two samples were recently studied in
. Georgiou et al. ( 2025 ) and are present mostly at the tail end of

he redshift distribution. Given that our lens sample is selected to
e volume-limited and does not extend to redshifts beyond 0.4, this
ismatch is not expected to be significant. Therefore, we treat these

wo samples as containing the same type of galaxies. 
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We apply the stellar mass and redshift cuts from the KiDS Bright
ample to the GAMA sample and estimate the projected correlation 
unction using equation ( 2 ), where ξgg is now the estimated galaxy
orrelation function. We use 10 logarithmically spaced rp bins 
etween 0 . 15 and 25 Mpc h−1 , and take rπ,max = 60 Mpc h−1 binned 
n 30 linearly spaced bins. We chose the range of rp to mimic
he range shown in A. Dvornik et al. ( 2023 ) who previously study
he clustering and lensing of KiDS-1000. Correlation functions are 
stimated using TREECORR 

4 (M. Jarvis, G. Bernstein & B. Jain 2004 )
nd the measured wp are shown in Fig. 5 . We use the GAMA
andoms v02 DMU (D. J. Farrow et al. 2015 ) – specifically 
esigned for the GAMA survey 5 – as the random points catalogue. 
iven the bright magnitude cut and high completeness of GAMA, 

his random catalogue does not need to account for spatially varying 
bservational systematics, but models carefully the radial selection 
unction of the data. 

.3 Covariance 

e use the analytic covariance detailed in A. Dvornik et al. ( 2023 )
and previously validated by H. Johnston et al. 2019 ) for the KiDS-
000 galaxy–galaxy lensing measurements, and compute a jackknife 
ovariance using 12 patches for the GAMA galaxy clustering data. 
he jackknife patches, which are approximately 15 deg2 in area, 
ere defined using KMEANS-RADEC . 6 We do not include cross- 

orrelations between the different galaxy clustering stellar mass 
ins, as they do not bring in significant additional information, and 
btaining a sufficiently accurate covariance would have required a 
uch larger set of jackknife realizations. Our covariance matrix also 

ssumes no correlation between the KiDS-1000 	
 measurements 
nd the GAMA wp measurements. A. Dvornik et al. ( 2023 ) found the
orrelation between these observables within KiDS itself to be small, 
nd we expect them to become negligible when switching to GAMA 

lustering, given GAMA only covers approximately 20 per cent of 
he KiDS sky area (A. H. Wright et al. 2024 ). 

.4 Cumulative number densities 

n A. Dvornik et al. ( 2023 ) the stellar mass function is an output of the
alaxy–halo connection modelling, which is the analytic Conditional 
tellar Mass Function formalism (X. Yang, H. J. Mo & F. C. v. d.
osch 2008 ; M. Cacciato et al. 2009 , 2013 ; S. More et al. 2013 ; F.
. van den Bosch et al. 2013 ; L. Wang et al. 2013 ). This means that

he stellar mass function can be jointly analysed, along with galaxy 
lustering and galaxy–galaxy lensing. In SHAMe, the stellar mass 
unction acts as an input to the modelling. Normally, the specific form
f the stellar mass function has very little effect (S. Contreras et al.
021b ). However, when the galaxy sample is binned in stellar mass,
t becomes more important because the SHAMe emulator requires a 
umulative number density input. 

To model the galaxy clustering in a particular stellar mass bin we
rst convert the stellar mass bin edges (M� 1 , M� 2 where M� 1 < M� 2 ) 

o cumulative number densities ( n1 , n2 where n1 > n2 ) using the 
umulative stellar mass function. We are then able to use the SHAMe
 http://rmjarvis.github.io/TreeCorr
 The random catalogue we used was built for GAMA II, but it should also be 
epresentative of the GAMA III sample since the two data releases have the 
ame target selection in the equatorial regions. 
 https://github.com/esheldon/kmeans-radec 
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mulator to compute the galaxy clustering wp for two galaxy samples 
here the minimum stellar mass corresponds to each of the bin edges, 

p ( M� > M� 1 ) = wp ( n = n1 ) 

p ( M� > M� 2 ) = wp ( n = n2 ) . (6) 

hen, from these, we estimate the galaxy clustering within a given
tellar mass bin, 

wp (M� 1 < M� < M� 2 ) � wp1 

(
n1 

n1 − n2 

)2 

+ wp2 

(
n2 

n1 − n2 

)2 

−2
√ 

wp1 wp2 

(
n1 n2 

( n1 − n2 )2 

)
, (7) 

here wp1 = wp ( n = n1 ), wp2 = wp ( n = n2 ), and n1 > n2 . The
erivation of this expression can be found in Appendix B . For galaxy–
alaxy lensing 	
, the computation is even simpler. We compute 


( M� > M� 1 ) = 	
( n = n1 ) 


( M� > M� 2 ) = 	
( n = n2 ) , (8) 

sing the SHAMe emulator. Then compute the galaxy–galaxy lensing 
ithin a given stellar mass bin, 


(M� 1 < M� < M� 2 ) =
(

n1 

n1 − n2 

)
	
1 −

(
n2 

n1 − n2 

)
	
2 , 

(9)

here 	
1 = 	
( n = n1 ), 	
2 = 	
( n = n2 ), and n1 > n2 . We
alidated these relations using the TNG300 hydrodynamic simula- 
ion (D. Nelson et al. 2019 ), and found that for wp the differences
ere less than 1 per cent across all scales and that for 	
 the relation
as exact. 
To convert the stellar mass bin edges to cumulative number 

ensities, we require the cumulative stellar mass function of our 
alaxy sample. While this is easily accessible for simulated data, 
t is a lot more complex to obtain for real data, due to difficulties
n accurately defining the volume of a galaxy survey. Therefore, 
n this work, we compute the cumulative number densities from 

he cumulative stellar mass function of TNG300, instead of from 

AMA or KiDS-1000 data. Fig. 1 shows a comparison between 
he TNG300, GAMA (S. P. Driver et al. 2022a ), and KiDS-1000
A. Dvornik et al. 2023 ) differential stellar mass functions, where
he grey dashed lines indicate the stellar mass bin boundaries used
n A. Dvornik et al. ( 2023 ) and the grey shaded region indicates
he stellar mass bins outside the current number density range of
ur SHAMe emulator. We find good agreement between the three 
ifferential stellar mass functions, and in Section 5.1 show that our
ducial analysis is resilient to our choice of cumulative number 
ensity inputs. A future extension of this work would be to adapt the
HAMe emulator to work with differential number densities, which 
re more accessible for real data, and then include these number
ensities with an associated uncertainty in the analysis. 

.5 Likelihood 

o obtain constraints on the free parameters of our model, we assume
 Gaussian likelihood of the form 

− 2 log p(d |	 θ ) ≡ χ2 = ( d − t (	 θ))T C 

−1 ( d − t (	 θ)) , (10) 

here d is our data vector, t is the theoretical prediction for d ,
ependent on the free model parameters 	 θ , and C is the covariance 
MNRAS 545, 1–14 (2026)

http://rmjarvis.github.io/TreeCorr
https://github.com/esheldon/kmeans-radec
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Figure 1. Differential stellar mass function from TNG300 compared to 
GAMA (S. P. Driver et al. 2022a ) and KiDS-1000 (A. Dvornik et al. 2023 ). 
The dashed lines indicate the stellar mass bin boundaries, which are required 
as inputs to the SHAMe emulator. We do not include the bins in the shaded 
region, as they fall outside the range of the emulator. 
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atrix of our measurements. The measurements and covariance are
escribed above. 
Specifically, we use measurements of the projected correlation

unction wp of galaxies in four stellar mass bins, as well as their
ross-correlation with gravitational shear 	
, from a single sample
f source galaxies. The data vector d thus comprises four different
stimates of wp and 	
, one per stellar mass bin. We do not consider
ross-correlations between mass bins. The measurements span trans-
erse separations in the range 0 . 15 Mpc h−1 < rp < 25 Mpc h−1 . In
ur fiducial analysis we use this full range for wp , but impose a
cale cut of rp < 1 . 4 Mpc h−1 for the 	
 data, to avoid the potential
mpact of baryonic feedback, which is not currently included in our

odel. We determine this value by looking at the expected impact
f baryonic effects following S. Contreras et al. ( 2024 ). We study
he dependence of our results on this choice (see Section 5.2 ). Our
ducial data vector contains a total of 64 elements. 
The free parameters of the model are the five � CDM cosmological

arameters ( σ8 , �m 

, �b , ns , h ), as well as five SHAMe parameters,
hich are described in Section 2.1 . These parameters and their

ssociated priors are shown in Table 1 . We evaluate the emulator (see
ection 2.3 ) at the median redshift of each stellar mass bin [0.18, 0.22,
.27, 0.32], and assume that the SHAMe parameters do not evolve
ith redshift or stellar mass. This assumption could be explored

urther in future work. We do not include intrinsic alignments or lens
alaxy magnification in our model as A. Dvornik et al. ( 2023 ) found
hem to have a negligible impact on both wp and 	
. We sample the
arameter space using NAUTILUS 7 (J. U. Lange 2023 ) with 3000 live
oints. 

 VA LIDATION  O N  SIMULATED  SAMPLE  

efore applying our methodology to KiDS-1000 and GAMA data,
e validated it on a simulated sample from the TNG300 hydrody-
amic simulation. This was to determine whether we were able to
btain robust cosmological constraints. 
NRAS 545, 1–14 (2026)

 https://github.com/johannesulf/nautilus 

W  

a  

c  
We constructed our simulated sample by selecting galaxies from
he redshift zero snapshot of TNG300 with stellar masses within the
tellar mass ranges of the real data. This gave us four simulated galaxy
amples, from which we computed the galaxy clustering wp and
alaxy–galaxy lensing 	
 using the same methodology described
n Section 2.2 , except for one difference. When creating the simulated

 from TNG300, instead of extracting only the dark matter field,

s we do for the emulator in Section 2.2 , which uses gravity-only
imulations, we also extracted the density fields for stars and gas. This
eans that the simulated 	
 from TNG300 includes the impact of

aryons, but that the emulator for 	
 does not include them. A
uture extension to this work would be to include baryonic effects
n the SHAMe emulator following the techniques introduced in G.
ricò et al. ( 2021 ) and M. Zennaro et al. ( 2025 ). 
The simulated data can be seen in Fig. 2 . They are very similar to

he real GAMA and KiDS-1000 data, but do not match exactly for a
ew reasons. First, the simulated data are computed at redshift zero
nstead of the median redshift of each stellar mass bin, which are
0.18, 0.22, 0.27, 0.32]. This results in a slight discrepancy between
he real and simulated data. Secondly, the underlying cosmology
f the TNG300 sample may be slightly different from that of the
eal Universe. Thirdly, there may be some small differences in how
tellar masses are computed for the real and simulated data, as well
s some possible incompleteness at low stellar masses. Finally, the
alaxy formation physics in TNG300 is likely not representative of
he real Universe, and the clustering data were not used to calibrate
he sub-grid physics. Despite these differences, the simulated data
ector is very close to the real data vector, so it provides a good test
or our methodology. 

After constructing the simulated galaxy clustering and galaxy–
alaxy lensing data vectors from TNG300 we analysed them in
xactly the same way as the real data; using the same covariance
Section 3.3 ), cumulative number density inputs (Section 3.4 ),
nd likelihood (Section 3.5 ). Fig. 3 shows our marginal posterior
onstraints on S8 and �m 

for two variations of our analysis. The blue
ontour shows our fiducial case where we remove scales of 	
,
here rp < 1 . 4 Mpc h−1 , as we do not model baryonic effects, and

he green contour shows an extended analysis where we include all
cales of 	
. For a detailed discussion of the impact of baryons
n our analyses, see Section 5.2 . The dashed lines indicate the
nput cosmology of TNG300, and we are able to recover the input
osmology of the simulation within 1 σ in both cases. 

Fig. 2 shows the best-fitting galaxy–galaxy lensing and clustering
redictions for our fiducial analysis (blue), and for the extended
nalysis including smaller scales in 	
 (green). These predictions
ere estimated for the maximum a posteriori parameter values, which

lign with the marginal distributions in Fig. 3 . Both cases provide a
ood fit to the data, with the extended analysis providing a better fit
or the small-scale galaxy–galaxy lensing, as expected. Since we use
he real data covariance when analysing our simulated data vectors,
he corresponding chi-squared values are meaningless as an absolute
oodness-of-fit metric. 

 RESULTS  

e present cosmological constraints for a combined analysis of
AMA galaxy clustering and KiDS-1000 galaxy–galaxy lensing

nalysed using SHAMe to model the galaxy–halo connection. Fig.
 shows our main result, constraints on �m 

and S8 ≡ σ8 
√ 

�m 

/ 0 . 3 .
e show our fiducial result (blue contour), as well as an extended

nalysis that includes all scales of galaxy–galaxy lensing (green
ontour). Our results are compared to the Planck TT,TE,EE + lowE

https://github.com/johannesulf/nautilus
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Figure 2. TNG300 galaxy clustering (top) and TNG300 galaxy–galaxy 
lensing (bottom) for each of the four stellar mass bins used in this work. 
The solid blue line shows the best fit when analysing the joint data vector 
with SHAMe, where the galaxy–galaxy lensing data in the grey shaded region 
are not included, and the green dashed line shows the best fit when all scales 
of the galaxy–galaxy lensing are included in the data vector. 
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Figure 3. Marginalized posterior constraints on S8 and �m 

for TNG300 
galaxy clustering and galaxy–galaxy lensing using SHAMe (blue) and the 
same analysis without scale cuts in the galaxy–galaxy lensing (green). We 
recover the TNG300 input cosmology (dashed lines) within 1 σ , where the 
covariance matches the covariance used in the real data analysis. 

Figure 4. Marginalized posterior constraints on S8 and �m 

for GAMA 

galaxy clustering and KiDS-1000 galaxy–galaxy lensing using SHAMe (blue) 
and the same analysis without scale cuts in the galaxy–galaxy lensing (green). 
For comparison, we show CMB results from Planck (Planck Collaboration 
VI 2020 , orange dashed) and results for KiDS-1000 galaxy clustering and 
galaxy–galaxy lensing using an analytic conditional stellar mass function to 
describe the galaxy–halo connection (A. Dvornik et al. 2023 , red dashed). 
The results are consistent, with SHAMe (this work) giving a slightly higher 
value of S8 , particularly when all scales are included in the galaxy–galaxy 
lensing. 
MB result (orange contour, Planck Collaboration VI 2020 ), and a 
recursor analysis with KiDS-1000 (red contour, A. Dvornik et al. 
023 ). 

.1 Fiducial analysis 

n our fiducial analysis (Fig. 4 , blue contour) we find S8 = 0 . 793+ 0 . 025 
−0 . 024 

nd �m 

= 0 . 260+ 0 . 027 
−0 . 015 . These results are consistent with Planck , with

 lower value of S8 that is in agreement at the 1.7 σ level (computed
s the 1D difference between the two predictions), and a slightly
arger difference for �m 

values (also shifted to lower values). We are 
MNRAS 545, 1–14 (2026)
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Figure 5. GAMA galaxy clustering (top) and KiDS-1000 galaxy–galaxy 
lensing (bottom) for each of the four stellar mass bins used in this work. The 
solid line shows the best fit when analysing the joint data vector with SHAMe, 
where the galaxy–galaxy lensing data in the shaded region are not included 
in order to avoid the impact of baryonic effects (Fig. 4 , blue contour). The 
dashed line shows the best fit when all scales of the galaxy–galaxy lensing 
are included in the data vector (Fig. 4 , green contour). 
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Figure 6. S8 and �m 

marginal constraints for variations of our fiducial joint 
analysis of GAMA galaxy clustering and KiDS-1000 galaxy–galaxy lensing 
using SHAMe. We find consistency between our analysis and all of the 
variations shown. 
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lso able to constrain all five SHAMe parameters (see Section 5.3
or details). We find a good fit to the data with a chi-squared value of
4.2 and a chi-squared per degree of freedom of 1.37, where we use
 simple estimate of the number of degrees of freedom as the number
f data points minus the number of constrained parameters, in this
ase 64–10. The associated p-value is 0.036, which we consider to
e adequate (the model is able to explain the data at less than 2 σ ).
hese values are similar to the ones obtained using the small scales
f the galaxy–galaxy lensing (1.28 and 0.051, receptively), which
s particularly impressive, since we are not fitting those scales. Our
NRAS 545, 1–14 (2026)
est-fitting clustering and galaxy–galaxy lensing, calculated using
he maximum posterior values of our fiducial result, can be seen in
ig. 5 (blue line). We show the best-fitting galaxy–galaxy lensing
xtrapolated to the full range of rp scales, but we only compute this
est fit using the data outside of the grey shaded region in order to
emove baryonic effects. The current version of the SHAMe emulator
oes not model baryonic effects in 	
( rp ), so in our fiducial case, we
emove scales where rp < 1 . 4 Mpc h−1 . See Section 5.2 for further
etails about the impact of baryons. In our fiducial case, the model is
ble to describe the data on all scales, even those not used to constrain
t, which emphasizes the physically motivated nature of the SHAMe
odel. We are also able to simultaneously reproduce the galaxy

lustering and galaxy–galaxy lensing measurements across all the
tellar mass bins, which SHAMe was not originally designed to do. 

In Fig. 6 we quantify the impact of various analysis choices on
ur fiducial constraints. Any differences in the recovered value of S8 

ompared to the fiducial result are quantified in terms of the metric
 Sfid 

8 − Svar 
8 ) /σSvar 

8 
. We discuss extending the analysis to all 	
 scales

nd the impact of baryons in detail in Section 5.2 . 
In our fiducial analysis, we use the cumulative number densities

rom the TNG300 simulation as inputs for the SHAMe emulator,
nstead of those from GAMA or KiDS-1000 (see Section 3.4 ). We
ssess the impact of this choice by increasing/decreasing the SHAMe
umber density inputs by 10 per cent, motivated by Fig. 1 , and
nd shifts of 0.16 σ /0.19 σ in S8 , demonstrating that our analysis

s robust to this choice. We check that our results are consistent
cross the stellar mass bins by analysing the two lowest and two
ighest stellar mass bins separately. We find broad consistency
etween the two sets of bins, with shifts of 1.16 σ /0.77 σ in S8 for the
wo lowest/highest bins, respectively. However, these variations are
imited by the number of data points compared to the number of free
arameters, and the majority of the constraining power for the five
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HAMe parameters comes from the two highest stellar mass bins. 
herefore, even though we find broad consistency across the stellar 
ass bins, the power of the analysis comes from combining a range

f stellar masses. We also check the impact of adding a Planck prior
o the unconstrained cosmological parameters, ns and �b , and find a 
mall shift of 0.16 σ in S8 . 

In the last three rows of Fig. 6 , we illustrate the power of combined
nalyses of galaxy clustering and galaxy–galaxy lensing. When 
nalysing 	
 alone, we are only able to place a wide constraint
n S8 , and when analysing wp alone, we are only able to place
 wide constraint on �m 

. However, combining the two, we can 
onstrain both S8 and �m 

with greater precision. For a discussion of 
he power of combining wp and 	
 in the context of the SHAMe
arameters, see Section 5.3 . When initially analysing wp alone we 
ound a significant constraint on S8 , which was inconsistent with 
ur fiducial result, and is not expected using only galaxy clustering 
ata. We found that this constraint disappeared when we removed 
tellar mass bin 3, 10 . 5 < log ( M� /h

−2 M�) ≤ 10 . 7, and even if we
ust removed the large scales of bin 3, where rmax > 1 . 5 h−1 Mpc (see
ppendix A ). We therefore suspect the presence of an uncontrolled 

ystematic effect in the large scales of bin 3. To avoid confirmation
ias, we did not remove wp bin 3 from our fiducial joint data vector.
owever, in the final row of Fig. 6 we show that our fiducial analysis

s only negligibly affected when stellar mass bin 3 is removed from
he clustering, resulting in a shift of 0.08 σ in S8 . We also test
emoving mass bin 4, since the stellar mass function cannot correctly 
eproduce this mass regime, as shown in Fig. 1 . For this case, we
nd similar constraints as when using the full sample (not shown 
ere); this occurs because we actually select the galaxies based on 
heir number density, which mitigates the impact of the different 

ass functions on the galaxy selection (see Appendix C for more 
etails). 

.2 Extension to all scales of galaxy–galaxy lensing 

n Fig. 4 we present cosmological constraints for an extension to our
ducial analysis where we include all scales in the galaxy–galaxy 

ensing data (green contour). In our fiducial analysis, we remove 
cales of 	
 where rp < 1 . 4 Mpc h−1 because the current version 
f the SHAMe emulator does not include baryonic effects. However, 
he model works well on small intra-halo scales in the absence of
aryons, and in Section 4 we showed that for a simulated analysis, in
hich the simulated data incorporated the impact of baryonic effects, 
e were still able to recover the input cosmology when including 

ll scales. It will also be possible to extend the emulator in the
uture (G. Aricò et al. 2021 ; M. Zennaro et al. 2025 ). We therefore
xplore the consistency of our results with the minimum scale used 
n the galaxy–galaxy lensing and any potential gains in constraining 
ower. 
When we include all scales we find S8 = 0 . 817+ 0 . 020 

−0 . 019 and �m 

=
 . 279+ 0 . 017 

−0 . 013 . The S8 value is 1.26 σ higher than our fiducial result and
n agreement with Planck at the 0.9 σ level. We also find a 21 per cent
ighter constraint on S8 and a 29 per cent tighter constraint on �m 

.
his result is consistent with our fiducial result, with the upwards 
hift in the value of both parameters driven by preference of the small-
cale data for the region of high S8 and �m 

allowed by the fiducial
nalysis. An increase in the value of S8 , towards the Planck value, is
ontrary to what might be naively expected when adding small scales 
ithout modelling baryonic feedback. In most scenarios, baryonic 

eedback leads to a suppression of clustering on small scales, which 
ould be interpreted as a lower S8 if unmodelled (M. Yoon et al.
019 ; M. Yoon & M. J. Jee 2021 ; A. Amon & G. Efstathiou 2022 ;
. Aricò et al. 2023 ; C. Preston et al. 2023 ; C. Garcı́a-Garcı́a et al.
024 ). This is thus an interesting result in the context of the S8 

ension observed between galaxy surveys and CMB data. Since our 
ata approximately correspond to halo masses of 1011 . 5 –1013 h−1 M�
A. Dvornik et al. 2023 ), one possible explanation could be that less
as is ejected from low mass haloes. 

In Fig. 5 we show our best-fitting clustering and galaxy–galaxy 
ensing calculated using the maximum posterior values of our all- 
cale result (green line). We find a good fit to the data with a chi-
quared value of 85.5 and a chi-squared per degree of freedom of
.15, where we simply estimate the degrees of freedom as 84–10.
he improvement in the chi-squared value per degree of freedom 

ompared to our fiducial analysis is likely driven by the increase in
ata points resulting from including all scales. The associated p -value
s 0.17, showing that the model is able to describe the small-scale
alaxy–galaxy lensing data well. 

In Fig. 7 we estimate the impact of not modelling baryonic effects
resent in the galaxy–galaxy lensing measurements, for both our 
ducial (left) and all-scale analysis (right). While it is not possible

o fully remove the effect of baryons from our galaxy–galaxy 
ensing measurements, we can mitigate the impact by subtracting the 
xpected signal predicted by hydrodynamic simulations. We measure 
his signal by computing the galaxy–galaxy lensing from an SHAMe 
ock catalogue calibrated to the best-fitting parameters of our all- 

cale analysis. We then apply the baryonification model from G. 
ricò et al. ( 2021 ), which displaces the particles of a dark-matter-
nly simulation to mimic the effect of baryons. The baryonification 
odel reproduces the matter distribution expected for the standard 
ahamas simulations (I. G. McCarthy et al. 2017 ), which are thought

o provide the most accurate estimate of baryonic effects in the
niverse since they are calibrated using the observed stellar and gas

ractions in galaxy clusters. We then measure the difference in the
alaxy–galaxy lensing signal between the mock with and without the 
aryonification implementation, and finally subtract the additional 
ignal from our KiDS-1000 galaxy–galaxy lensing measurements. 
his allows us to obtain an order-of-magnitude estimate of the impact
f baryonic effects. 
As expected, in both cases we find that removing baryonic effects

ncreases the value of S8 to be more consistent with Planck . This
mphasizes the surprising increase in S8 found when we move from 

ur fiducial to all-scale analysis (see Fig. 4 ). For our fiducial analysis,
e find a shift of 0.2 σ in S8 when we remove baryonic effects.
ithout scale cuts, we observe a shift of 0.6 σ . We therefore conclude

hat our fiducial analysis is robust to baryonic effects, and while our
ll-scale analysis is less conservative, we still find a relatively small
mpact. These results ultimately depend on the level of feedback in
he Universe, and we would expect to find a smaller shift if we were
o assume a level of feedback that was smaller than from the Bahamas
imulations, or larger, as the one recently predicted by L. Bigwood
t al. ( 2024 ). While these results are promising, we would like to
emind the reader that without a breakthrough on the constraints of
aryons in the galaxy–galaxy lensing signal, we need to continue 
eing agnostic to their effect, and therefore we will refer to the
esults of the fiducial model (i.e. with the limited range of scales in
he galaxy–galaxy lensing measurement) as the main result of this 
ork. 

.3 SHAMe parameters 

n Fig. 8 we present constraints on the SHAMe parameters ( σ , tmerger ,
k, c + s , fk, c −s , and β) for our fiducial analysis of GAMA galaxy
lustering and KiDS-1000 galaxy–galaxy lensing (blue contour) and 
MNRAS 545, 1–14 (2026)
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M

Figure 7. Marginalized posterior constraints on S8 and �m 

for GAMA galaxy clustering and KiDS-1000 galaxy–galaxy lensing using SHAMe (left) and the 
same analysis without scale cuts in the galaxy–galaxy lensing (right). The blue and green contours match those in Fig. 4 and show the analysis with the real 
data vectors. The orange and red contours show the impact of removing baryons from the data vector, using an estimate from simulations. Our fiducial analysis 
is robust to baryonic effects, and even our less conservative all-scales analysis is only slightly impacted. 
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ur extended analysis where we include all scales of the galaxy–
alaxy lensing (green contour). We are able to constrain all of the
HAMe parameters in both cases, but we find that the inclusion
f small-scale 	
 data leads to a significant improvement in the
onstraints on σ log M , log tmerger , and β. In turn, this results in the
osmological constraints becoming more precise, highlighting the
enefits of including small-scale lensing information when using
on-perturbative approaches to describe the clustering of galaxies. 
We also find evidence of strong assembly bias for both central

nd satellite galaxies in the sample. Since fk, c + s and fk, c −s are both
ositive, there is a positive correlation between large-scale linear
ias and the stellar mass or luminosity of a galaxy in the sample
see Section 2.1 ). If we then populate a mock galaxy catalogue
sing the best-fitting SHAMe parameters from Fig. 8 , we find that
his translates to strong assembly bias for both central and satellite
alaxies. This implies it is important to model assembly bias in these
ypes of analyses. 

In Fig. 8 we additionally show the constraints on the SHAMe
arameters for GAMA galaxy clustering alone (orange contour).
his illustrates that most of the constraining power on the SHAMe
arameters comes from wp . 	
 alone is only able to constrain σ
nd β, but when combined with wp in a 2x2pt analysis we are able to
onstrain all of the SHAMe parameters, as well as S8 and �m 

. This
gain illustrates the power of combined analyses of galaxy clustering
nd galaxy–galaxy lensing. 8 

.4 Comparison with precursor analysis 

n Fig. 4 we also include the �m 

and S8 constraints from a precursor
nalysis of KiDS-1000 galaxy–galaxy lensing, galaxy clustering,
NRAS 545, 1–14 (2026)

 The contours in Fig. 8 are the versions without clustering stellar mass bin 
, where 10 . 5 < log ( M� /h

−2 M�) ≤ 10 . 7. See Section 5.1 and Appendix A 

or details. 

s  

t  

9

nd galaxy abundance (2x2pt + SMF; A. Dvornik et al. 2023 ). 9 The
ain difference between the two analyses is the modelling of the

alaxy–halo connection. A. Dvornik et al. ( 2023 ) use an analytical
alo model-based description incorporating an effective HOD linked
o the conditional stellar mass function. Instead, we use an abundance
atching scheme to describe the galaxy–halo connection, extended

o include the impact of assembly bias, and with predictions built
rom the application of this model to N -body simulations (instead of
sing an analytical approach). A key benefit of SHAMe, in addition
o the use of simulations and the inclusion of assembly bias, is its
ependence on a smaller number of parameters (five instead of 11).
he main disadvantage is that SHAMe requires subhalo information,
hich is computationally expensive. However, this can be addressed

hrough emulation, and having subhalo information aids in modelling
he distribution of satellite galaxies, as it is not necessary to rely on
d hoc parametrizations of the satellite profile. This is particularly
seful for galaxy–galaxy lensing (J. Chaves-Montero et al. 2023 ; S.
ontreras et al. 2023a ). 
The data used in the two analyses are also slightly different.
e do not include the lowest two stellar mass bins used in A.
vornik et al. ( 2023 ), resulting in four stellar mass bins instead
f six. The lowest two stellar mass bins are currently outside the
aximum number density of our SHAMe emulator; however, this

imitation will be addressed in future versions. We also use GAMA
pectroscopic galaxy clustering instead of KiDS-1000 photometric
alaxy clustering (see Section 3 for details). In our fiducial analysis,
e do not include small-scale galaxy–galaxy lensing, where rp <

 . 4 Mpc h−1 , as we do not explicitly model baryonic effects (see
ection 5.2 ). A. Dvornik et al. ( 2023 ) also do not explicitly model
aryonic effects but they allow the concentration of both haloes and
atellites to vary, which has been shown to provide enough flexibility
o account for the impact of baryons (M. Cacciato et al. 2013 ; M.
 The contours look slightly different due to the choice of smoothing scale. 
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Figure 8. Marginalized posterior constraints on the five SHAMe parameters ( σ , tmerger , fk, c + s , fk, c −s , and β) for GAMA galaxy clustering and KiDS-1000 
galaxy–galaxy lensing using SHAMe (blue), the same analysis without scale cuts in the galaxy–galaxy lensing (green), and for GAMA galaxy clustering alone 
(orange). We are able to constrain all five SHAMe parameters, as well as the cosmological parameters S8 and �m 

(see Fig. 4 ). The SHAMe parameter constraints 
predominantly come from the galaxy-clustering, but adding small-scale galaxy–galaxy lensing is also helpful. Note these contours do not include clustering 
stellar mass bin 3 (see Section 5.1 and Appendix A for details). 
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iola et al. 2015 ; A. Dvornik et al. 2018 ; E. Uitert et al. 2018 ; S.
. B. Debackere, J. Schaye & H. Hoekstra 2021 ; A. Amon et al.
023 ). Finally, we include galaxy abundance through the emulator 
umulative number density inputs at the stellar mass bin edges (see 
ection 3.4 ), instead of jointly modelling the galaxy stellar mass
unction. 

For our fiducial analysis, we find a value of S8 that is 1.07 σ higher
han A. Dvornik et al. ( 2023 ). This difference increases to 2.65 σ
hen including all scales in 	
. We find similar uncertainties on S8 

or our fiducial analysis compared to A. Dvornik et al. ( 2023 ), with
nly a 5 per cent increase in constraining power. This is despite using
wo fewer stellar mass bins and not including small-scale galaxy–
alaxy lensing. For our all-scale analysis, we find our uncertainty on 
8 is improved by 25 per cent compared to A. Dvornik et al. ( 2023 ).
he consistency between the cosmological constraints found in these 
wo analyses, particularly in the fiducial case, is reassuring, given the
astly different approaches used to model the small-scale clustering 
f galaxies. 

 C O N C L U S I O N  

n this paper we analysed GAMA galaxy clustering and KiDS- 
000 galaxy–galaxy lensing using extended SubHalo Abundance 
atching (SHAMe) to model the galaxy–halo connection. SHAMe 

as previously been shown to be capable of simultaneously modelling 
oth galaxy clustering and galaxy–galaxy lensing (S. Contreras et al. 
023a , c ), but has not been used to obtain cosmological constraints.
n this work we built an emulator to simultaneously model both the
MNRAS 545, 1–14 (2026)
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HAMe and cosmological parameters, and here highlight the most
mportant results: 

(i) We validated our analysis by constructing stellar mass-selected
amples from the TNG300 hydrodynamic simulation with similar
haracteristics to those from GAMA and KiDS. We then computed
imulated galaxy clustering and galaxy–galaxy lensing data vectors,
hich we analysed using our SHAMe emulator. We found that we

ould successfully reproduce both the galaxy clustering and galaxy–
alaxy lensing measurements (Fig. 2 ), as well as correctly recover the
nput cosmology of the simulation for both our fiducial and all-scale
nalysis (Fig. 3 ). 

(ii) We jointly analysed four stellar mass bins (9 . 95 <
og ( M� /h

−2 M�) ≤ 11 . 3) of GAMA galaxy clustering and KiDS-
000 galaxy–galaxy lensing data using our SHAMe emulator. In our
ducial analysis we found S8 = 0 . 793+ 0 . 025 

−0 . 024 and �m 

= 0 . 260+ 0 . 027 
−0 . 015 

Fig. 4 ), and were also able to constrain all five SHAMe parameters
Fig. 8 ). These constraints are consistent with those found by Planck
ithin 1.7 σ , and we found a good fit to both the galaxy clustering

nd galaxy–galaxy lensing data (Fig. 5 ). 
(iii) We extended our fiducial analysis to include scales below rp <

 . 4 Mpc h−1 in the galaxy–galaxy lensing. We removed these scales
n our fiducial analysis to avoid the impact of baryonic effects, which
hile protecting our results from bias (Fig. 7 ) limits the constraining
ower of our approach. When extending our analysis to all scales
e found a 21 per cent improvement in our S8 constraint and a 29
er cent improvement in our �m 

constraint. We also found a value
f S8 , which is 1.26 σ higher than our fiducial result, bringing the
esult into closer agreement with Planck ( ∼ 1 σ ) (Fig. 4 ). Although
he statistical evidence of this shift is small, it is interesting to note
hat such an upwards shift is the opposite of what would be expected
n the presence of baryonic feedback, which would normally lead to
 suppression in the small-scale clustering of matter (Fig. 7 ). These
esults should be interpreted with caution, since our constraints on the
mpact of baryons on the galaxy–galaxy lensing are still limited, and
e therefore cannot make strong statements about these constraints

s we can do with the ones where we remove the small scales of the
alaxy–galaxy lensing signal, which are the main result of this work.
one the less, these results show the power of including smaller

cales in the modelling of galaxy clustering observables and the
otential of this approach for future analysis. 

The results of this paper highlight the potential of joint small-scale
alaxy clustering and galaxy–galaxy lensing analyses using SHAMe.
e find competitive constraints, which reduce the previously seen

ension with Planck . The SHAMe model has only five free parameters
nd, when combined with a scaling technique capable of producing
 1 h−1 Gpc dark matter simulation in a matter of minutes (R. E.
ngulo & S. D. M. White 2010 ), we were able to build an emulator
sing a limited amount of computational resources. These analyses
re capable of placing constraints on both cosmological and galaxy
ormation parameters, including galaxy assembly bias, and provide
n exciting prospect for analysing upcoming data from Euclid and
SST. 
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ricò G. , Angulo R. E., Contreras S., Ondaro-Mallea L., Pellejero-Iba˜ nez

M., Zennaro M., 2021, MNRAS , 506, 4070 
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PPENDI X  A :  I NTERNA L  I NCONSI STENCY  IN  

LUSTERI NG  DATA  

When analysing GAMA clustering alone to check the internal 
onsistency of our data we found a strong constraint on S8 , which is
ot expected from clustering data alone and was inconsistent with our
ducial result. This constraint is shown in Fig. A1 (blue contour).
o determine where this spurious constraint was coming from we 
rst analysed the clustering data removing each of the four stellar
ass bins in turn. We found that if we removed bin 3, where 10 . 5 <

og ( M� /h
−2 M�) ≤ 10 . 7, the strong constraint on S8 disappeared 

orange contour). Next, we varied the scales included in bin 3 and
ound that if we removed large scales, where rmax > 1 . 5 h−1 Mpc ,
he strong constraint on S8 also disappeared (green contour). This led 
s to conclude that there is likely an uncontrolled systematic effect
mpacting the large scales of clustering bin 3. When we removed
tellar mass bin 3 from the clustering in our fiducial joint analysis of
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APPENDI X  C :  C O S M O L O G I C A L  C O N S T R A I N T S  

E X C L U D I N G  STELLAR  MASS  BIN  4  

As mentioned in Section 5.1 , the galaxy selection is performed 
using cuts in number density rather than stellar mass. This approach 
mitigates the impact of discrepancies in the stellar mass function, 
which become substantial at the high–mass end, on the clustering 
measurements. In Fig. C1 we examine the cosmological constraints 
obtained after removing this bin and find that they remain in good 
agreement with those derived from the main sample. Consequently, 
we conclude that our implementation adequately accounts for the 
differences in the stellar mass function for this subsample. 

Figure C1. Similar to Fig. 6 , but excluding the stellar mass bin 4 instead 
of the stellar mass bin 3. 

This paper has been typeset from a TE 

X/LA TE 

X file prepared by the author. 
AMA galaxy clustering and KiDS-1000 galaxy–galaxy lensing we
ound very little impact on our results (see Fig. 6 ). 

PPENDIX  B:  A NA LY T I C  PREDICTION  O F  

H E  C O R R E L AT I O N  F U N C T I O N  O F  G A L A X I E S  

ELECTED  IN  A  STELLAR  MASS  BIN  

e derived equation ( 7 ), 

wp (M� 1 < M� < M� 2 ) � wp1 

(
n1 

n1 − n2 

)2 

+ wp2 

(
n2 

n1 − n2 

)2 

−2
√ 

wp1 wp2 

(
n1 n2 

( n1 − n2 )2 

)
, (B1) 

y assuming that the galaxies of the sample are selected using a
umber density cut of n1 , but not n2 . The amplitude of the clustering
ignal scales as n2 , and the number of objects in the new sample is
 n1 − n2 ). Assuming the correlation function goes as the δ, we can
efine the amplitude of the bin (from the galaxies that are in sample
 but not sample 2) as 

bin ( x ) = n1 δ1 ( x ) − n2 δ2 ( x ) 
n1 − n2 

. (B2) 

And since the correlation function between a sample ‘a’ and a
ample ‘b’ goes as 〈 δa δb 〉 , 

p, bin ( rp ) = 

(
n1 

n1 − n2 

)2 

wp, 11 ( rp ) 

+
(

n2 

n1 − n2 

)2 

wp, 22 ( rp ) 

−2
n1 n2 

( n1 − n2 )2 
wp, 12 ( rp ) . (B3) 

From these terms, the only one we do not have from our emulator
s the last term, but we can approximate it to 

p, 12 ( rp ) ≈ α
√ 

wp, 11 ( rp ) wp, 22 ( rp ) , α � 1 , (B4) 

with α affected by the (non)correlation of the samples and the
ifferences in bias. For the bins in mass we used in this work, we
ave a difference of ∼ 1 per cent . We perform a similar analysis for
quation ( 8 ). 
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