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A B S T R A C T 

We present the calibration of stellar and active galactic nucleus (AGN) feedback in the subgrid model for the new colibre 

hydrodynamical simulations of galaxy formation. colibre directly simulates the multiphase interstellar medium and the 
evolution of dust grains, which is coupled to the chemistry. colibre is calibrated at three resolutions: particle masses of 
m gas ≈ m dm 

∼ 10 

7 (m7), 10 

6 (m6), and 10 

5 M � (m5). To calibrate the colibre feedback at m7 resolution, we run Latin 

hypercubes of ≈ 200 simulations that vary up to four subgrid parameters in cosmological volumes of ( 50 cMpc ) 3 . We train 

Gaussian process emulators on these simulations to predict the z = 0 galaxy stellar mass function (GSMF) and size–stellar 
mass relation (SSMR) as functions of the model parameters, which we then fit to observations. The trained emulators not 
only provide the best-fitting parameter values but also enable us to investigate how different aspects of the prescriptions 
for supernova and AGN feedback affect the predictions. In particular, w e demonstrat e that while the observed z = 0 GSMF 

and SSMR can be matched individually with a relatively simple supernova feedback model, simultaneously r epr oducing 

both necessitates a more sophisticated prescription. We show that the calibrated m7 colibre model not only r epr oduces 
the calibration target observables, but also matches various other galaxy properties to which the model was not calibrated. 
Finally, we apply the calibrated m7 model to the m6 and m5 resolutions and, after slight manual adjustments of the subgrid 

paramet ers, achiev e a similar lev el of agreement with the observ ed z = 0 GSMF and SSMR. 
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 INTRODUCTION  

n the last few decades, numerical simulations of galaxy forma- 
ion have become an indispensable tool for advancing our under- 
tanding of the physics of galaxy formation (see R. A. Crain &
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. van de Voort 2023 for a recent review). The rapid growth of 
omputational facilities has opened up the possibility of simu- 
ating large cosmological volumes ( � 100 3 comoving Mpc 3 ; here- 
ft er cMpc 3 ) with self-consist ent modelling of bary onic processes
e.g. J. Schaye et al. 2010 ; Y. Dubois et al. 2014 ; J. Schaye et al. 2015 ;
. G. McCarthy et al. 2017 ; M. Tremmel et al. 2017 ; A. Pillepich
t al. 2018 ; R. Davé et al. 2019 ; S. Bird et al. 2022 ; R. Pakmor
t al. 2023 ; J. Schaye et al. 2023 ; K. Dolag et al. 2025 ), as well
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s studying the properties of the multiphase int erst ellar medium
ISM) of galaxies in smaller volumes situated in a cosmological
nvir onment (e.g . Y. Dubois et al. 2021 ; R. Feldmann et al. 2023 ).
 major part of this success stems from the progress in com-
utational methods, which has greatly increased the efficiency
ith which large computational machines can be exploited. In
articular, modern astrophysical codes demonstrate impressive
erformance in standard scaling t ests ext ending up to ∼ 10 5 com-
ute cores (e.g. V. Springel et al. 2021 ; M. Schaller et al. 2024 ). 
At the same time, the advent of advanced observational facil-

ties, such as the Atacama Large Millimet er/submillimet er Ar-
ay (ALMA; A. Wootten & A. R. Thompson 2009 ) and James

ebb Spac e Telesc ope ( JWST ; J. Gardner et al. 2006 ), has allowed
s to study spatially resolved properties of galaxies with un-
recedented sensitivity and accuracy, both in the local and high-
edshift Univ erse. Dense, cold int erst ellar g as can be pr obed by
LMA at (sub-)kpc resolution either through CO rotation-line

mission at z � 2 (e.g. R. Ikeda et al. 2022 ; C. Ramos Almeida
t al. 2022 ) or via [C ii ] 158 μm line at higher redshifts (e.g. O.
e Fèvre et al. 2020 ; M. Béthermin et al. 2023 ). The properties of 

he warmer gas of high −z objects can be studied at comparable
esolution with JWST , using emission lines such as [O iii ] or H β

e.g. Z. Chen et al. 2023 ; C. Giménez-Arteaga et al. 2023 ). Clearly,
or a fair comparison between theory and observations, these
ut ting-edge observ ational data demand numerical simulations
hat reach comparable or higher spatial resolutions, and that self-
onsistently model the multiphase interstellar gas. 

Simulations of galaxy formation from the past 10 yr have
chieved remarkable success in matching observational data and
r oducing g alaxies with r ealistic pr operties (see e.g . R. A. Crain
 F. van de Voort 2023 , and r efer ences ther ein). Various observed
 elations ar e br oadly r epr oduced by the simulations, including
he observed galaxy stellar mass functions (GSMFs) and luminos-
ty functions at different redshifts, the galaxy size–stellar mass re-
ation (SSMR), the galaxy star-forming main sequence, the galaxy
tellar mass–metallicity relation and many others (e.g. J. Schaye
t al. 2015 ; A. Pillepich et al. 2018 ; R. Davé et al. 2019 ). How ev er,
hose successful simulations largely neglected the modelling of 
he cold neutral gas, which is believed to play a key role in the
osmic baryon cycle (e.g. C. Péroux & J. C. Howk 2020 ). 

In fact, the large, high-resolution cosmological-volume simu-
ations from the past decade such as HorizonAGN (Y. Dubois
t al. 2014 ), eagle (J. Schaye et al. 2015 ), IllustrisTNG (A.
illepich et al. 2018 ), and Simba (R. Davé et al. 2019 ) all ap-
lied ‘a temperature floor’ to the interstellar gas and/or artificially
nhanced the gas pressure assuming an effective equation of 
tate, so that the (dense) gas cannot cool below ∼ 10 4 K. The
eason for this is two-fold. First, simulating the cold phase is
omputationally expensive because of the small time-steps and
he small Jeans lengths and masses that are readily reached in the
ense, cold phase. Secondly, modelling the cold phase cannot be
ccomplished without accounting for physical processes that are
mportant in this regime. These processes include (self-)shielding
f g as fr om the e xtrag alactic UV back gr ound and radiation fr om
ocal sources, the formation and dissociation of molecules and
ooling emission ther efr om, and the formation and evolution of 
ust grains, including their interactions with the cold gas phase
e.g. L. J. Tacconi, R. Genzel & A. Sternberg 2020 ). It has also
een argued that, unless an effective pr essur e floor is used, in-
luding cold gas in simulations that do not formally resolve the
hermal Jeans mass in the cold ISM ( � 10 3 M �) is problematic
NRAS 548, 1–42 (2026) 
e.g . B . E. Robertson & A. V. Kravtsov 2008 ; J. Schaye & C. Dalla
ecchia 2008 ), as it can lead to numerical artefacts such as artifi-
ial fragmentation (M. R. Bate & A. Burkert 1997 ; J. K. Truelove
t al. 1997 ). How ev er, S. Ploeckinger et al. ( 2024 ) recently show ed
hat imposing an effective pr essur e floor is unnecessary, as in
alaxy formation simulations with softened gravity the thermal
eans mass criterion based on Newtonian gravity is inappropri-
t e: in unresolv ed r egimes, the J eans mass scale is set by the
oftened Jeans mass, which substantially exceeds the Newtonian
alue. 

Among the most recent simulations of cosmological volumes
hat allow the gas to enter the cold phase are NewHorizon (Y.
ubois et al. 2021 ) and Firebox (R. Feldmann et al. 2023 ). The
irebox simulation used the Fire2 galaxy formation model (P.
. Hopkins et al. 2018 ) and was run in a cosmological volume
f (22.1 cMpc) 3 down to redshift z = 0 with gas and dark-matter
DM) particle masses of, respectively, m gas = 6 . 3 × 10 4 M � and
 dm 

= 3 . 3 × 10 5 M �. As with the Fire2 simulations, Firebox
as run with the Gizmo mesh-less finite-mass hydrodynamic

nd gravity solver (P. F. Hopkins 2015 ). The element ionization
tat es w ere calculat ed based on tabulat ed equilibrium results
rom the simulations with the photoionization code cloudy (G.
 . F erland et al. 1998 ), including a shielding correction for cosmic
V back gr ound and local sources. The molecular-to-neutral gas

r action w as computed on-the-fly by employing an analytical ex-
r ession fr om M. R. Krumholz & N. Y. Gnedin ( 2011 ). Firebox
oes not model the self-consistent evolution of dust grains but
ccounts for dust collisional heating/cooling and photo - electric
eating using analytic e xpr essions, assuming a constant dust-to-
etal ratio (for further details, see P. F. Hopkins et al. 2018 ).

he Firebox model does not include a prescription for active
alactic nucleus (AGN) feedback. As shown by R. Feldmann et
l. ( 2023 ), Firebox r epr oduces the mass–metallicity relations for
oth the stellar and gas-phase components, as well as the star-
orming main sequence and the relations between galaxy H i and
 2 masses and stellar mass, although the z = 0 GSMF in Firebox

s systematically higher than the observed GSMF. 
The domain of the NewHorizon simulation is a zoom-in re-

ion of ∼(16 cMpc) 3 taken from the larger, (142 cMpc) 3 volume
f the HorizonAGN simulations (Y. Dubois et al. 2014 ). The
ewHorizon simulation was run to redshift z = 0 . 25 with a
odified version of the HorizonAGN model, using the adap-

ive mesh refinement code ramses (R. Teyssier 2002 ). Inside the
oom-in region, the DM particle mass is equal to 1 . 2 × 10 6 M �
nd the cell size can reach ≈ 34 pc in the densest environments.
he cooling of metal-enriched gas in NewHorizon is based on

abulat ed equilibrium rat es from R. S. Sutherland & M. A. Dopita
 1993 ) at temperatures above ≈ 10 4 K and A. Dalgarno & R. A.

cCray ( 1972 ) below ≈ 10 4 K, which allows the gas to cool to
.1 K. Primordial species are assumed to be in ionization equilib-
ium under a homogeneous, redshift-dependent UV background,
hose intensity is exponentially suppressed at densities n H 

�
 . 01 cm 

−3 due to self-shielding . N o dust evolution model is in-
luded. As shown by Y. Dubois et al. ( 2021 ), NewHorizon agrees
ith the observed galaxy-averaged Kennicutt–Schmidt (KS) star

ormation law (C. J. Kennicutt 1998 ), the black hole mass–stellar
ass relation (BSMR), and the relations between stellar mass and

he gas-phase and stellar metallicities, though, similarly to Fire-
ox , galaxies in NewHorizon t end t o be ov ermassiv e, resulting

n a discrepancy between the predicted stellar-to-halo mass ratios
nd observational data. 
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The results from NewHorizon and Firebox demonstrate that 
imulations of galaxy formation that include a cold ISM are chal- 
enging but possible. In this companion paper to J. Schaye et al.
 2025 ), we present the calibration of the strengths of stellar and
GN feedback in the new galaxy formation model colibre 

1 (J. 
chaye et al. 2025 ), which – like NewHorizon and Firebox –
aptures the multiphase nature of the ISM. The colibre model 
uilds upon the owls (J. Schaye et al. 2010 ) and eagle (J. Schaye
t al. 2015 ) galaxy formation models with significant improve- 
ents on various fronts: in addition to the presence of the multi-

hase ISM, colibre includes non-equilibrium gas cooling, a live 
ust model coupled to the chemistry, and more sophisticated pre- 
criptions for star formation and feedback from stellar evolution 

nd AGN. Furthermore, in the initial conditions (ICs) of the col-
bre simulations, we use four dark matter particles per gas parti-
le to minimize spurious collisional heating of galaxies, which 

an negatively impact the sizes, kinematics, and morphologies 
f their stellar components (A. D. Ludlow, J. Schaye & R. Bower
019 ; A. D. Ludlow et al. 2021 , 2023 ; M. J. Wilkinson et al. 2023 ).

The need for calibration of galaxy formation simulations has 
een discussed ext ensiv ely in the literature (see e.g. J. Schaye
t al. 2010 ; M. Vog elsberg er et al. 2013 ; R. A. Crain et al. 2015 ;
. G . McCarth y et al. 2017 , and in particular section 2.1 of J.
chaye et al. 2015 ). Briefly, due to the finite resolution and large
ynamic range of cosmological simulations, man y astroph ysical 
rocesses that occur on smaller scales – such as stellar and AGN 

eedback – ar e unr esolved or only partially resolved. As a result,
hese processes must be implemented via subgrid models, which 

ypically inv olv e fr ee (also r eferr ed t o as subgrid ) paramet ers that
annot be determined from first principles. The purpose of a 
ubgrid model applied to an unresolved process is to reproduce 
he effective impact of that process on the larger, resolved scales.
he role of the free parameters is to control this effective impact
hile compensating for numerically induced effects, such as ex- 

essiv e radiativ e cooling of feedback-heat ed gas due t o limit ed
umerical r esolution (e.g . C. Dalla Vecchia & J. Schaye 2012 ).
n the case of supernova (SN) feedback, free parameters may 
nclude the (initial) mass loading and velocity of SN-driven winds 
e.g. V. Springel & L. Hernquist 2003 ; J. Schaye et al. 2010 ; M.
og elsberg er et al. 2013 ; R. Davé, R. Thompson & P. F. Hopkins
016 ; M. C. Smith et al. 2024 ), while for AGN feedback, they may
nclude a boost to the accretion rate of supermassive black holes
SMBHs) or the energy released in a single AGN injection event 
e.g. C. M. Booth & J. Schaye 2009 ; I. G. McCarthy et al. 2017 ;
. A. Henden et al. 2018 ; R. Kugel et al. 2023 ). By comparing
r edictions fr om simulations with differ ent subgrid parameters 
o observational data (such as the observed z = 0 GSMF), one
an identify the parameter values that yield the best agreement 
ith observations. This process is termed calibration . A calibrated

imulation loses its predictive power for the specific relations 
sed in the calibration, but can still make genuine predictions at 
ther redshifts and for quantities that were not used as calibration 

argets. 
Generally, finding the values of subgrid parameters for which 

he simulation best r epr oduces a certain set of observational data
s a cumbersome process. Given the number of ‘knobs to tune’ in a
alaxy formation model, the search for the best-fit ting v alues may
 equir e running thousands of simulations for v arious v alues of 
he subgrid parameters. Such a blind search would be infeasible 
 https://colibre-simulations.org 

f
n
p

or colibre because of the computational cost of running a new
imulation at each step in the parameter space. Instead, a far more
fficient approach is to use an emulator (R. G. Bower et al. 2010 ;
. Kugel et al. 2023 ). 
In this w ork, w e calibrat e the SN and AGN feedback in the

olibre model at thr ee r esolutions: particle masses of m gas ≈
 dm 

∼ 10 7 (m7), 10 6 (m6), and 10 5 M � (m5). The calibration at
7 resolution is carried out by exploiting machine-learning tech- 

iques, following the approach taken by R. Kugel et al. ( 2023 )
or the flamingo simulations (J. Schaye et al. 2023 ). Based on
 modest number of simulations at m7 resolution in ( 50 cMpc ) 3 
 olumes, w e train Gaussian process emulators that reconstruct 
he GSMF and SSMR from the colibre simulations as smooth 

unctions of a small number of subgrid parameters. We then fit
hese emulators to the observed GSMF and SSMR at z = 0 in the
tellar mass range 10 9 < M ∗/ M � < 10 11 . 3 and obtain the best-
t ting v alues for up to four subgrid par ameters. Having calibr ated

he m7 colibre model, we use it as a starting point to calibrate
he m6 and m5 colibre models. The calibration at m6 and m5
esolutions is performed through small, manual adjustments of 
he subgrid parameters of SN and AGN feedback relative to their
est-fit ting v alues at m7 resolution. 

This work is structured as follows. In Section 2 , we describe the
ost relevant aspects of the colibre galaxy formation model. In 

ection 3 , we present the details of the emulation. In Section 4 ,
e outline our strategy for calibrating the colibre model at m7

esolution using emulators. In Section 5 , we present the results
f the m7 calibration and its extensions to the higher resolutions,
nd we e xplor e the effects of varying individual model parame-
ers. In Section 6 , we summarize our conclusions. 

 S I M U L AT I O N S  

he simulation methods are described in detail in J. Schaye et al.
 2025 ). Here, we will provide a summary with an emphasis on the
ngr edients that ar e v aried during the calibr ation of the colibre

odel. 
All simulations presented in this work were run with the as-

rophysical code Swift 

2 (M. Schaller et al. 2024 ). Swift uses
ybrid task-based parallelism to enable scalability to tens of thou- 
ands of cores. The equations of hydr odynamics ar e solved using
he smoothed particle hydrodynamics (SPH) method with the 
ensity-energy scheme Sphenix (J. Borrow et al. 2022 ), adopting 

ts fiducial values for artificial viscosity and energy conduction. 
e use the quartic spline kernel with a resolution parameter 
= 1 . 2348 , which is the same value employed in the eagle sim-

lations (see M. Schaller et al. 2015 , for details). For the quar-
ic spline, η = 1 . 2348 yields an effective number of neighbours
ithin the kernel support of N ngb = 64 . 9 , which satisfies the re-
uirement for accurate density reconstruction from W. Dehnen 

 H. Aly ( 2012 ), who showed that reconstruction errors remain
ow when η is close to 1.2, while much higher values can trigger
he pairing instability. We also use η = 1 . 2348 for black hole (BH)
articles, 3 while for stellar particles η is reduced to 1.1642 to lower
he computational cost. The gravity is solved with the use of the
MNRAS 548, 1–42 (2026) 

Although neither BH nor stellar particles experience hydrodynamic 
orces, they follow the SPH neighbour search algorithm to locate their gas 
eighbours, which is necessary for modelling AGN and stellar feedback 
rocesses. 

https://colibre-simulations.org/
http://www.swiftsim.com
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ast Multiple Method (L. Gr eeng ar d & V. Rokhlin 1987 ) for short-
ange forces and a particle-mesh method solved in Fourier space
or long-range forces. 

In this w ork, w e use the simulation output at redshifts z = 0
nd 2. To identify subhaloes in the simulation snapshots, we
mploy the publicly available subhalo finder HBT-HERONS (V.
 . F or ouhar Mor eno et al. 2025 ), which is an updat ed v ersion of 
he Hierarchical Bound Tracing algorithm (HBT + ; J. Han et al.
018 ). HBT-HER ONS employs a history -based approach to iden-
ify subhaloes. The algorithm begins at the earliest simulation
napshot, using an it erativ e unbinding pr ocedur e to find self-
ound subhaloes within spatial F riends-of-F riends (FoF) groups,
nd then processes each subsequent snapshot. Once a self-bound
ubhalo is identified, HB T-HERONS tr acks its associated parti-
les forward in time. Among these, the 10 most gravitationally
ound tracer particles (dark matter or stars) are used to link sub-
aloes to a host FoF group, facilitating the identification of when
ubhaloes become sat ellit es of a more massive host subhalo. The
lgorithm keeps track of the particles that were associated to
at ellit e subhaloes before they became sat ellit es. These tracked
articles are used at later times to separate the satellite subhalo
r om the back gr ound of its larger host subhalo. At each simu-
ation output time, all subhaloes are checked for self-boundness
nd phase-space overlap with neighbouring subhaloes, to deter-
ine whether they remain self-bound, merge with neighbouring

ubhaloes, or become disrupted. 
We further process the HBT-HERONS output using the Spher-

cal Overdensity and Aperture Processor (SOAP; R. McGibbon
t al. 2025 ) to compute a comprehensive set of subhalo proper-
ies. The properties that are used in this work include subhalo
tellar and halo masses, star formation rates (SFRs), projected
tellar half-mass radii, gas and stellar metallicities, H i and H 2 
as masses, and masses of the most massive BH particles in the
ubhaloes. Halo masses (for central subhaloes) are computed us-
ng the spherical overdensity definition from G. L. Bryan & M. L.
orman ( 1998 , their equation 6, which is a fitting formula to the
 esults fr om V. R. Eke, S. Cole & C. S. Fr enk 1996 ), wher eas all
ther g alaxy pr operties ar e measur ed within 3D spherical aper-
ures of radius 50 proper kpc (pkpc), considering only gravitation-
lly bound particles associated with each subhalo. 

.1 Initial conditions 

he ICs of our simulations are produced by the monofonIC code
O. Hahn et al. 2020 ; M. Michaux et al. 2021 ) using second-order
agrangian perturbation theory. We follow the 2-field prescrip-

ion from O. Hahn, C. Rampf & C. Uhlemann ( 2021 ) to generate
Cs for baryons and DM and take z = 63 as the starting redshift of 
he simulations. We use the ‘3x2pt + all external constraints’ cos-

ology from T. M. C. Abbott et al. ( 2022 ): �m , 0 = 0 . 306 , �b , 0 =
 . 0486 , σ8 = 0 . 807 , h = 0 . 681 , n s = 0 . 967 . We assume a single
assive neutrino species with a mass of 0.06 eV. 
The majority of the analysis in this work is based on simula-

ions in a cosmological volume of (50 cMpc) 3 , with a particle mass
f m gas = 1 . 47 × 10 7 M � for baryons and m dm 

= 1 . 94 × 10 7 M �
or DM. Unless otherwise stated, this volume and resolution
henceforth, m7 resolution) are assumed throughout. The as-
ociated Plummer-equiv alent gr avitational softening length ε soft ,
hich we set to be the same for gas, stellar, BH, and DM particles,

s equal to the minimum of 3.6 ckpc and 1.4 pkpc. The mass of 
 DM particle is comparable to that of a gas particle because in
he ICs, there are four corresponding DM particles for each gas
NRAS 548, 1–42 (2026) 
article. In total, the ICs of a (50 cMpc) 3 volume simulation at
7 resolution include 376 3 gas particles and 4 × 376 3 DM par-

icles. As shown by A. D. Ludlow et al. ( 2019 , 2021 , 2023 ), the
nite number of particles in galaxy simulations makes galaxies
rone to spurious energy transfer from dynamically hot DM to
ynamically cold stars, which tend towards energy equipartition
hrough gr avitational inter actions. Increasing the DM resolution
or, equivalently, the number of DM particles; e.g. by a factor of 4
elativ e t o the number of g as particles in the ICs) r educes this spu-
ious energy transfer. As a result, stellar particles experience less
rtificial heating from the DM, leading to more realistic structural
nd kinematic properties of the stellar components of galaxies. 

The only e x ceptions wher e w e consider v olumes differ-
nt from (50 cMpc) 3 and resolutions other than m7 are
n Section 5.4 and Appendix A . In Section 5.4 , we com-
are the fiducial, calibrated colibre models at three resolu-
ions – m7 ( m gas = 1 . 47 × 10 7 M �, m dm 

= 1 . 94 × 10 7 M �), m6
 m gas = 1 . 8 × 10 6 M �, m dm 

= 2 . 4 × 10 6 M �), and m5 ( m gas =
 . 3 × 10 5 M �, m dm 

= 3 . 0 × 10 5 M �) – all in a (25 cMpc) 3 volume;
hile in Appendix A , we investigate the effect of box size by com-
aring the fiducial colibre model at m7 resolution in cosmolog-

cal volumes of 25 3 , 50 3 , 100 3 , and 200 3 cMpc 3 . Simulations at m6
m5) resolution contain 8 (64) times mor e g as and DM particles
n the ICs than their m7 counterparts in the same cosmological
olume. The gravitational softening length-scales with resolution
s ε soft ∝ m 

1 / 3 
gas . At a fix ed r esolution, incr easing the cosmological

olume by a factor of 2 3 results in 8 times more gas and DM
articles in the ICs. 

.2 The COLIBRE model 

n the following sections, we summarize the colibre subgrid
odel at m7 resolution, which serves as the basis for building

he emulators (Section 3 ) and performing the emulator-based
alibration (Section 4 ). The colibre models at m6 and m5 res-
lutions adopt slightly different subgrid parameter values for SN
nd AGN feedback compared to m7. The adjustments relative to
he values reported in this section are detailed in Section 5.4 and
ummarized in table 1 of J. Schaye et al. ( 2025 ). 

.2.1 Radiative c ooling , chemistry, and dust 

he non-equilibrium abundances of hydrogen and helium
pecies and associated free electrons, along with their radiative
ooling and heating rat es, are comput ed with the time-dependent
hermochemistry solver chimes (A. J. Richings, J. Schaye &
. D. Oppenheimer 2014a , b ). Additionally, we explicitly track
ine heavy elements that contribute most to the cooling rates:
, N, O, Ne, Mg, Si, S, Ca, and Fe. Their contributions to the
ooling ar e pr ovided by hybrid - chimes (S. Ploeckinger et al.
025 ). hybrid - chimes uses pre-computed cooling tables gen-
rated by chimes under the assumption of ionization equilib-
ium, but the rates ar e r escaled to account for the difference be-
ween the non-equilibrium and equilibrium fr ee electr on number
ensities. The tables also account for cooling due to fr ee-fr ee
mission and molecular cooling (including from CO , H 2 O , OH,
D), while the molecular cooling from H 2 is computed in non-

quilibrium by chimes . Additionally, we include dust-associated
eating and cooling processes using a live dust grain model cou-
led to chimes , and account for cosmic ray heating, as well as
ompton cooling and heating from energy e x change between the
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as and photons from the cosmic microwave background and 

ther radiation fields included in colibre (see below). 
The cooling rates and the abundances of ions and molecules 

re ev olv ed assuming the presence of a modified version of the
niform, redshift-dependent UV and X-ray background from C.- 
. Faucher-Giguère ( 2020 ) (see appendix B of S. Ploeckinger 
 J. Schaye ( 2020 ) for details), a cosmic ray ionization back-

round, and an int erst ellar radiation field (ISRF). The shape of 
he ISRF is constrained by that at the position of the Sun (J. H.
lack 1987 ), combining the local int erst ellar radiation field (J.
. Mathis, P. G. Mezger & N. Panagia 1983 ) with the Galactic
oft X-ray back gr ound (J. N. Br egman & J. P. Harrington 1986 ).
or gas with temperatures below 10 4 K , the intensities of the
osmic ray back gr ound and ISRF scale as 4 N 

1 . 4 
Jeans , where N Jeans 

s the Jeans column density of gas with a 1D turbulent velocity
ispersion of 6 km s −1 , and saturate at high column densities (see
. Ploeckinger et al. 2025 for details). Shielding by gas and dust
s accounted for, assuming a shielding length equal to the Jeans
ength. 

colibre tracks the abundances of 12 individual elements: H, 
e, C, N, O, Ne, Mg, Si, Fe, Sr, Ba, and Eu. 5 All of the 12 elements

re diffused among the neighbouring SPH gas particles follow- 
ng a velocity shear-based subgrid model for turbulent mixing 
escribed in Correa et al. (in preparation). 
The colibre simulations incorporate a subgrid model for the 

ormation and evolution of interstellar dust grains, which is de- 
cribed in detail by J. W. Trayford et al. ( 2026 ). Briefly, dust is
reated as a scalar field, with gas particles tracking the fraction
f their mass that resides in dust grains. The dust model distin-
uishes between three chemical species of dust gr ains: gr aphites
nd silicates, with the silicates further divided into Mg and Fe 
avours. Dust grains are produced in the AGB phase of stellar
volution and in core collapse supernovae (C C SN e). Dust grains
r ow by accr eting mass fr om the g as phase, while they ar e de-
troyed in SN feedback and lose mass in hot gas due to ther-
al sputtering . A dditionally, the model includes two processes 

hat alter grain sizes without changing their total mass: grain 

hattering and coagulation. We assume that all dust grains have 
pherical shapes and track two grain sizes: grains with radii of 
.01 and 0.1 μm . 

The dust abundances are coupled to the chimes solver, ac- 
ounting for the distribution of dust mass between the two grain-
ize bins. The dust is used by chimes to calculate the formation
at e of molecular hy dr ogen on dust grains and other r eactions
acilitated by dust, as well as to compute dust shielding and dust-
ssociated heating and cooling processes, including dust radiative 
ooling and photoelectric heating . A dditionally, the g as-phase 
etal abundances (and ther efor e the metal cooling and heating 

ates) account for depletion onto dust grains. 
 The power of 1.4 comes from the observed KS relation (C. J. Kennicutt 
998 ), �SFR ∝ �1 . 4 

gas , wher e �SFR and �gas ar e the g alaxy-averaged star 
ormation rate surface density and gas surface density, respectively. 
 This set of elements is not identical to those used in the prescription 
or gas radiative cooling. In particular, the contributions of Sr, Ba and Eu 
o the cooling rates are neglected, while Ca and S – the elements used 
n the radiative cooling calculations – are not tracked in the colibre 
hemistry. Inst ead, t o reduce the memory footprint of the simulations, 
he abundances of Ca and S are assumed to have solar mass ratios relative 
o Si (M. Asplund et al. 2009 ). This is a reasonable approximation because 
a, S, and Si are all α-elements that track each other relatively well (R. P. 
. Wiersma et al. 2009 ). 
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.2.2 Star formation, stellar evolution, and chemical enrichment 

he colibre prescription for star formation is detailed in F. S.
. Nobels et al. ( 2024 ). A gas element is labelled as ‘star-forming’
f the gas is locally unstable against gravitational collapse. The 
nstability condition is e xpr essed by r equiring that the (absolute)
ravitational binding energy of a gas cloud r epr esented by the
as element – with mass equal to the mass of the gas element
ultiplied by the effective number of neighbours within the SPH 

ernel – e x ceeds its kinetic energy from thermal and turbulent
otions. 
The finite resolution of our simulations prevents us from di- 

ectly following gas collapse into stars. Instead, we convert star- 
orming gas particles int o st ellar particles stochastically. To com-
ute the probability of a star-forming gas element becoming a 
t ellar particle, w e use the M. Schmidt ( 1959 ) law with a star
ormation efficiency per free-fall time of ε = 0 . 01 . 

A stellar particle physically r epr esents a population of many
tars that formed simultaneously from a single gas cloud with 

niform chemical composition. We assume that all stellar parti- 
les are characterized by a G. Chabrier ( 2003 ) stellar initial mass
unction (IMF) with minimum and maximum masses of 0.1 and 

00 M �, r espectively. Besides standar d pr operties such as posi-
ion, velocity, and metallicity, which are inherited from the parent
as particle, a stellar particle is characterized by its age and initial
ass. 
Once formed, stellar particles enrich their surr ounding g as 

ith metals produced in six chemical enrichment channels: AGB 

tars, type-Ia SNe, CC SNe, neutron star mergers, common enve- 
ope jet SNe, and collapsars [see Correa et al. (in preparation) for
urther details]. 

The stellar feedback model includes three early stellar feedback 

r ocesses fr om massiv e stars: st ellar winds, direct radiation pres-
ure, and H ii regions. To determine the energies, momenta, and
onizing flux inject ed int o the surrounding gas by these feedback
rocesses, we use the Binary Population and Spectral Synthesis 
 bpass ) tables (J. J. Eldridge et al. 2017 ; E. R. Stanway & J. J.
ldridge 2018 ) version 2.2.1. These early feedback processes are 
ot calibrated in this work; their numerical implementation and 

ffects are presented in A. Benítez-Llambay et al. ( 2025 ). 

.2.3 Cor e c ollapse supernova feedback 

he colibre model for feedback fr om C C SN e is a modified
ersion of the thermal-kinetic model of E. Chaikin et al. ( 2023 ). 

The amount of energy in CC SN feedback released by a stellar
article of initial mass m ∗ over a time-step from t to t + 
t is
alculated as 

E CCSN 

= 10 51 erg f E m ∗

∫ m d (t ) 

m d (t +
t ) 
�(m ) d m , (1) 

n which �(m ) is the G. Chabrier ( 2003 ) IMF and m d (t ) denotes
he mass of the star(s) that explode as core-collapse SNe at age
. We use the metallicity-dependent stellar lifetime tables from 

. Portinari, C. Chiosi & A. Bressan ( 1998 ) t o comput e m d (t ) .
he function m d (t ) is non-zero only for zero-age main sequence
asses between m min , CCSN 

= 8 and m max, CCSN 

= 100 M �, which
 oughly corr espond t o st ellar ages of ≈ 40 and 3 Myr, respectiv ely.

Unlike E. Chaikin et al. ( 2023 ), we assume that the energy
f a single SN in units of 10 51 erg, f E , depends on the thermal
r essur e of the parent gas particle, P birth , measured in the time-
tep it turned into the stellar particle under consideration. The 
MNRAS 548, 1–42 (2026) 
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elation between f E and P birth has the following form 

f E (P birth ) = f E , min + 

f E , max − f E , min 

1 + exp 

(
− log 10 P birth − log 10 P E , pivot 

σP 

) , (2) 

her e f E , min and f E , max ar e, r espectively, the minimum and maxi-
um energies that can be injected by a single SN, in units of 10 51 

rg, P E , pivot is a normalization constant, which we will call the
ivot birth pr essur e, and the parameter σP defines the width of 
he transition from f E , min to f E , max . The functional form of equa-
ion ( 2 ) implies that the SN feedback of stellar particles born in
igher gas pressure environments will be more energetic. In our
ducial setting for m7 resolution, we take f E , min = 0 . 1 , f E , max = 4 ,
nd σP = 0 . 3 , while the best value of P E , pivot will be predicted by
mulators (see below). In Section 5.5 , we will show how varia-
ions in f E , min , f E , max , and σP affect the simulated galaxies, and
iscuss how the fiducial values of these three parameters were
hosen. 

Physically, the dependence of the SN energy on P birth can be
nt erpret ed as non-universality of the stellar IMF, which is not
nrealistic. In fact, a variable IMF has been suggested by multiple
bservational studies (e.g. J. Thomas et al. 2011 ; M. Cappellari
t al. 2012 ; I. Martín-N avarr o et al. 2015 ; H. Li et al. 2017 ) and a
r essur e-dependent IMF has been employed in numerical sim-
lations to successfully r epr oduce the observational trends (e.g.
. Barber, R. A. Crain & J. Schaye 2018 ; C. Barber, J. Schaye & R.
. Crain 2019 ). Values of f E greater than one can be regarded as

ccounting for hypernovae (e.g. S. E. Woosley, R. G. Eastman &
. P. Schmidt 1999 ), and/or as compensation for some degree of 
umerical overcooling in high-density (and typically also high-
r essur e) g as (e.g . G. Stinson et al. 2006 ; C. Dalla Vecchia & J.
chaye 2012 ). 

The energy 
E CCSN 

is inject ed st ochastically int o the gas within
he SPH kernel of the stellar particle. As in E. Chaikin et al.
 2023 ), the parameter f kin is used to split the energy 
E CCSN 

be-
ween the two channels of energy injection: thermal and kinetic.
 fraction f kin 
E CCSN 

is injected kinetically, while the remainder,
(1 − f kin )
E CCSN 

, is distributed within the gas in thermal form.
he value of f kin will be determined using emulators. 
As shown in E. Chaikin et al. ( 2023 ), the thermal and kinetic

hannels of energy injection operate side by side with distinct
oles: the former generates a hot phase of the ISM and launches
tr ong g alactic winds, while the latter drives turbulence in the
SM. This provides galaxies with two complementary means to
egulate star formation: by maintaining turbulent support of the
as within the ISM and by ejecting gas from the galaxy. 

.2.4 Thermal channel of energy injection 

he thermal channel of CC SN feedback utilizes the stochastic
odel of C. Dalla Vecchia & J. Schaye ( 2012 ), which was em-

loyed in the eagle simulations (J. Schaye et al. 2015 ). In the
. Dalla Vecchia & J. Schaye ( 2012 ) model, gas particles receive
N energy from nearby stellar particles with a certain probability,

p SN , heat . The amount of the injected energy, 
E heat , is chosen
uch that following the injection, the gas particle’s temperature is
ncreased by a fixed, pre-defined amount, 
T SN 

. Mathematically,
he relationship between 
E heat and 
T SN 

is expressed as 

E heat ( m gas , 
T SN 

) = 

k B 
T SN 

( γ − 1) 
m gas 

μm p 
, (3) 
NRAS 548, 1–42 (2026) 
here m p is the proton mass, k B is the Boltzmann constant, m gas 
ndicates the mass of the gas particle that is being heated, γ = 5 / 3
s the ratio of specific heats for an ideal monatomic gas, and

= 0 . 59 is the mean molecular weight of a fully ionized gas.
he probability that a given stellar particle heats one of its gas
eighbours in some time-step from t to t + 
t, p SN , heat , is cal-
ulated as the r atio of the av ailable SN energy in the time-step,

(1 − f kin ) 
E CCSN 

, to the energy r equir ed to heat the gas mass
ontained within the stellar kernel, 
E heat (m ngb , 
T SN 

) , 

p SN , heat = (1 − f kin ) 

E CCSN 

(t , 
t , m ∗, f E ) 

E heat ( m ngb , 
T SN 

) 
, (4) 

here m ngb is the sum of the masses of the gas neighbours found
ithin the kernel of the stellar particle. Once p SN , heat has been

omput ed, w e start drawing uniform random numbers, r, from
he interval 0 ≤ r < 1 . We dr aw the r andom numbers N ngb times
here N ngb is the number of the stellar particle’s gas neighbours.
e then check how many times (out of N ngb ) the random num-

ers happened to be smaller than p SN , heat . The number of such
ut comes det ermines the number of energy injections the stellar
article will carry out in this time-step. To decide which gas par-
icles within the stellar particle’s kernel will receive these energy
njections, we adopt the isotropic neighbour selection algorithm
rom E. Chaikin et al. ( 2022 ) with the maximum number of rays
et to 8. 

We note that in eagle , thermal energy injections were dis-
ributed among gas neighbours with an effectively mass-weighted
eighbour selection scheme, as opposed to the isotropic method

rom E. Chaikin et al. ( 2022 ) who showed that the former scheme
s biased towards injecting SN energy into high-density gas, and
or this reason leads to more radiative energy losses than the
sotropic algorithm. A second significant change is the heating
emperatur e incr ement 
T SN 

, which w as constant in ea gle but
epends on the gas density in colibre . 

.2.5 A density-dependent heating temperature 

pecifically, the CC SN feedback in the eagle simulations used
 constant heating temperature of 
T SN 

= 10 7 . 5 K, with the de-
ailed motivation provided by C. Dalla Vecchia & J. Schaye ( 2012 ).
n short, values greater than ∼ 10 7 . 5 K would lead to undersam-
ling of SN feedback because the average number of energy in-

ections distributed within the surr ounding g as by a single stellar
article over its lifetime, 〈 N heat , tot 〉 , would be less than 1. The value
f 〈 N heat , tot 〉 is computed as 

 N heat , tot 〉 = 

(1 − f kin ) E CCSN , tot (m ∗, f E ) 

E heat (〈 m gas 〉 , 
T SN 

) 
, 

= 0 . 91 (1 − f kin ) f E 
(

m ∗
〈 m gas 〉 

) (

T SN 

10 7 . 5 K 

)−1 

, (5) 

here E CCSN , tot (m ∗, f E ) = 10 51 erg f E m ∗
∫ m max, CCSN 

m min , CCSN 
�(m ) d m is

he total CC SN energy released by the stellar particle over the
ourse of its lifetime and 〈 m gas 〉 is the average mass of its neigh-
ouring gas particles. Assuming that m ∗ ≈ 〈 m gas 〉 , f E ∼ 1 , and

f kin 
 1 and requiring that each star particle on average deposits
t least one energy injection in its lifetime (i.e. 〈 N heat , tot 〉 � 1 ),
ives a constraint on the heating temperature 
T SN 

� 10 7 . 5 K . 
On the other hand, 
T SN 

needs to be high enough to prevent
he injected energy from being radiated away before doing work,
hich would lead to inefficient SN feedback, which is a conse-
uence of the limited resolution (e.g. G. Stinson et al. 2006 ; C.
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alla Vecchia & J. Schaye 2012 ). Assuming that at high tempera-
ures radiative cooling is dominated by bremsstrahlung, C. Dalla 
ecchia & J. Schaye ( 2012 ) showed that the maximum density at
hich the feedback can remain efficient is 

 H , crit = 2 cm 

−3 
(


T SN 

10 7 . 5 K 

)3 / 2 ( f t 
10 

)−3 / 2 ( 〈 m gas 〉 
1 . 5 × 10 7 M �

)−1 / 2 

×
( 〈 N ngb 〉 

65 

)−1 / 2 ( μ

0 . 6 

)−9 / 4 
(

g(X H 

) 
0 . 14 

)3 / 2 

, (6) 

here f t is the ratio of the radiative cooling time-scale of the
eated gas element to the sound-crossing time-scale across the 
lement and the function g(X H 

) = X 

2 / 3 
H 

(1 + X H 

) −1 (1 + 3 X H 

) −1 

ith X H 

being the hydrogen mass fraction. 6 
In colibre, we exploit equation ( 6 ) to allow the heating tem-

er ature to v ary within a certain r ange of v alues, 
T SN , min <

T SN 

< 
T SN , max , monotonically increasing with the gas den- 
ity. In our fiducial model at m7 resolution, we set 
T SN , min and
T SN , max to 10 6 . 5 and 10 7 . 5 K, respectively. The use of values lower

han 10 7 . 5 K gr eatly incr eases the sampling of SN feedback events
n low-mass galaxies where the number of stellar particles (and 

ence SN energy injections) may be small. Moreov er, low er 
T SN 

ill make SN feedback less destructive in g as envir onments with
elatively low densities, which potentially alleviates the problem 

f overly large SN-driven bubbles identified in the eagle simu- 
ations (Y. M. Bahé et al. 2016 ). 

Mor e pr ecisely, w e assume that the value of the heating t em-
erature, 
T SN 

, depends on the average (physical) gas density at 
he location of the star particle, ρSN 

, which is estimated in the
ime-step when the star particle does SN feedback. We compute 
SN 

as 

SN 

= 

N ngb ∑ 

i =1 

m gas ,i W(| r ∗ − r gas ,i | , h ∗) , (7) 

here the sum runs over all gas particles within the stellar kernel,
 gas ,i is the mass of gas particle i , r ∗ and r gas ,i are the coordinates

f the stellar particle and gas particle i , respectively, and W is
he SPH kernel function with the stellar particle’s smoothing 
ength h ∗. After having computed ρSN 

, we convert it to a hydrogen
umber density n H , SN 

assuming primordial abundances, with the 
ydrogen mass fraction of X H 

= 0 . 756 , and calculate 
T SN 

as 

T SN 

(n H , SN 

) = 
T SN , pivot 

(
n H , SN 

n H , pivot 

)2 / 3 

, (8) 

n which 
T SN , pivot and n H , pivot are free parameters and the slope
f 2 / 3 is motivated by the cooling argument from C. Dalla Vecchia
 J. Schaye ( 2012 ), our equation ( 6 ). Because of the degener-

cy between n SN , pivot and 
T SN , pivot ( 
T SN , pivot ∝ n 

2 / 3 
H , pivot ), we fix

T SN , pivot , setting it to 10 6 . 5 K at m7 resolution and only consider
 H , pivot in the following. 
 F rom separ at e t ests, w e found that at m7 resolution, the r equir ement of 
f t = 10 proposed by C. Dalla Vecchia & J. Schaye ( 2012 ) is sufficient but 
ot necessary: somewhat lower values of f t are acceptable too, as long as 

f t � 2 . For example, for f t = 2 , the critical density for 
T SN = 10 7 . 5 K be- 
omes ≈ 20 cm 

−3 . For comparison, the median density in our simulations 
t which CC SNe take place is ∼ 1 cm 

−3 . 
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.2.6 Kinetic channel of energy injection 

he remaining part of CC SN energy, which is not used up in
he thermal channel, f kin 
E CCSN 

, is released in kinetic form,
ollowing a modified version of the stochastic kinetic model of C.
alla Vecchia & J. Schaye ( 2008 ). The full details of our algorithm

or SN kinetic feedback ar e pr esented in E. Chaikin et al. ( 2023 ).
riefly, stellar particles inject kinetic energy with a probability 

p kick , pair = f kin 

E CCSN 

(t , 
t , m ∗, f E ) 
2
E kick (m ngb , 
v kick ) 

, 

here 
E kick (m ngb , 
v kick ) = m ngb 
v 2 kick / 2 and 
v kick is the de-
ired kick velocity. E. Chaikin et al. ( 2023 ) showed that low values
f 
v kick , such as 50 km s −1 , help drive turbulence in the neutral
SM and improve the agreement with the observed spatially re- 
olv ed relation betw een H i v elocity dispersion and SFR surface
ensity in nearby galaxies. Based on these findings, in this work,
e adopt 
v kick = 50 km s −1 . The effect of varying 
v kick between

0 and 10 3 km s −1 can be found in E. Chaikin et al. ( 2023 ). 
Similarly to the thermal SN feedback, once we know p kick , pair ,

e draw a random number N ngb times from an interval of 0 ≤
 < 1 . The number of kick events that the stellar particle will
istribute in the time-step from t to t + 
t is equal to the number
f times the condition r < p kick , pair is found. In each kick event,
he stellar particle kicks two of its gas neighbours in opposite
irections, which is necessary to conserve linear momentum. Ad- 
itionally, the model ensures that angular momentum and energy 

n SN feedback are exactly conserved 

7 and the injected energy is
istributed statistically isotropically. For further details, we refer 
he reader to E. Chaikin et al. ( 2023 ). 

.2.7 Type-Ia supernovae 

e implement type-Ia SN feedback as a purely thermal ( f kin = 0 )
sotropic stochastic feedback following the ‘isotropic’ algorithm 

rom E. Chaikin et al. ( 2022 ). We assume that the heating tem-
erature in type-Ia SN feedback scales with the gas density in
he same way as for CC SN feedback, following equation ( 8 ),
here the values of 
T SN , min , 
T SN , max , 
T SN , pivot , n H , pivot , and the
aximum number of rays are set to those from CC SN feedback. 
To calculate the energy budget for type-Ia SN feedback e x e-

uted by one stellar particle, we use a delay time distribution
DTD), 

TD ( t ) = 

ν

τ
exp 

(
− t − t delay 

τ

)
�( t − t delay ) , (9) 

n which ν = 1 . 54 × 10 −3 M 

−1 
� is the total number of type-Ia SNe

hat will ever occur per unit initial stellar mass, τ = 2 Gyr is the
ype -Ia SN time - scale, and �( x) is the Heaviside step function.
obels et al. (in preparation) show that this form of DTD results

n good agreement with the observed rates of type-Ia SNe. 
As was the case for C C SN e, the energy of type-Ia SNe released

y one stellar particle corresponds to the combined energy from 

any individual type-Ia SNe that are not resolved in our simu-
ations. We set the time t delay to 40 Myr, which marks the delay
ince the birth of the stellar particle before the first unresolved,
MNRAS 548, 1–42 (2026) 

 The exact conservation of energy is realized by accounting for the rel- 
tive motion between stellar particles and their gas neighbours. Owing 
 o the relativ e v elocity corr ections, g as particles may e xperience velocity 
icks that are greater or smaller than the desired kick velocity 
v kick . 
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8 If the updated subgrid mass of the BH particle, m 

new 
BH 

= m BH 

+ 
m BH 

, 
is greater than its dynamical mass at the beginning of the time-step, m 

dyn 
BH 

, 
then the value of m 

dyn 
BH 

is increased to m 

new 
BH 

. To ensure the conservation of 
mass, the mass deficit, m 

new 
BH 

− m 

dyn 
BH 

is ‘nibbled’ from the mass of the gas 
particles that reside within the BH kernel, following the method of Y. M. 
Bahé et al. ( 2022 ). Conversely, if m 

new 
BH 

is less than m 

dyn 
BH 

, then we assume 
that the difference m 

dyn 
BH 

− m 

new 
BH 

> 0 represents a subgrid gas reservoir 
around the BH and all accreted mass comes therefrom. We then only 
reduce m 

dyn 
BH 

by ε r 
m BH 

to account for the energy that has been conv ert ed 
into radiation. No gas particle’s mass is nibbled in this case. 

D
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ndividual type-Ia SN has gone off and contributed its energy to
he stellar particle’s total energy. The energy from all individual
ype-Ia SNe in a time-step [ t , t + 
t ) is calculated by integrating
quation ( 9 ) from t to t + 
t and assuming an energy per indi-
idual type-Ia SN of 10 51 erg. 

Energetically, type-Ia SN feedback is subdominant to that from
 C SN e, and its pr esence has only a minor impact on the galaxy
r operties r elev ant for the calibr ation of the colibre simulations
see Nobels et al., in preparation, for more details). Unless stated
therwise, all discussions about SN feedback in the following text
ill refer entirely to CC SN feedback. 

.2.8 Supermassive black holes 

n galaxy simulations, SMBHs are represented by collisionless BH
articles, which can grow in mass by accreting surrounding gas
nd/or by merging with other BH particles (e.g. V. Springel, T. Di
atteo & L. Hernquist 2005 ; C. M. Booth & J. Schaye 2009 ). 
We employ an on-the-fly FoF group finder to seed BH particles

n the simulation (e.g. T. Di Matteo et al. 2008 ). The FoF algo-
ithm uses a linking length of 0.2 times the mean dark matter
nter-particle separation and is e x ecuted every 
a = 0 . 00751 a ,
tarting at a = 0 . 05 , where a is the cosmic scale factor. At m7
 esolution, BHs ar e seeded in haloes whose FoF mass is gr eater
han 5 × 10 10 M � and that do not already harbour a BH particle. 

During seeding, we identify the densest gas particle in the FoF
alo and convert it into a BH particle, which inherits the gas
article’s dynamical mass, velocity, and position. For all mass-
ependent processes that are modelled in a subgrid fashion, such
s gas accretion onto BHs and energy feedback, we use the BH
ubgrid mass, as opposed to the dynamical mass of the particle,
n order to allow BH masses smaller than the particle mass (e.g.
. Springel et al. 2005 ; C. M. Booth & J. Schaye 2009 ). The subgrid
ass is initially equal to the seed mass, m BH , seed . The value of 
 BH , seed will be calibrated using emulators. 
The (instantaneous) mass accretion rate onto a BH particle is

omputed using a modified Bondi–Hoyle–L yt tleton formula (M.
. Krumholz, C. F. McKee & R. I. Klein 2006 ), 

˙  accr = 4 π G 

2 m 

2 
BH 

ρgas 

c 3 sound 

[
(1 + M 

2 ) 4 

1 . 1 2 + M 

2 + 

1 
(0 . 34 f � ) 2 

]−1 / 2 

, (10) 

here M 

2 = ( σturb /c sound ) 2 + ( v gas /c sound ) 2 is the Mach number
quared, f � = 1 / [1 + (ω r Bondi /c sound ) 0 . 9 ] is the correction due to
orticity in the gas flow with ω being the vorticity, and r Bondi =
m BH 

/c 2 sound is the Bondi radius with m BH 

being the subgrid mass
f the BH particle. The magnitude of the gas bulk velocity, v gas ≡
 v gas | , the gas turbulent velocity dispersion σturb , and the vortic-
ty ω ≡ |∇ × v gas | are all computed as mass-weighted averages
ver all gas neighbours within the kernel of the BH particle. We
alculate the gas mass density, ρgas , in the standard SPH way by
pplying equation ( 7 ) to the gas neighbours within the BH kernel.
inally, in colibre the mass accretion rate, ˙ m accr , is capped at
00 times the mass accretion rate at the Eddington luminosity. 

Following Y. M. Bahé et al. ( 2022 ), two BH particles will merge
f the distance between them, 
r BH 

, is less than three gravita-
ional softening lengths, 
r BH 

< 3 ε soft ; the less massive BH is
ithin the kernel of the more massive BH; and if their relative ve-

ocity 
v BH 

satisfies 
v BH 

< 

√ 

2 G (M + m ) / 
r BH 

where M and
 are the dynamical masses of the larger and smaller merging BH

article, respectively. Once the merger criteria are simultaneously
atisfied, the BHs are instantaneously merged. 
NRAS 548, 1–42 (2026) 
SMBHs are thought to be subject to significant dynamical fric-
ion, which causes them to lose their orbital energy and spiral in
owar ds the centr e of the host g alaxy (e.g . E. C. Ostriker 1999 ).
ecause galaxy simulations of representative volumes lack the

esolution to properly capture the effects of dynamical friction,
MBHs hav e t o be ‘pushed’ t owar ds the centr e of the g alaxy
ith an ad hoc prescription (e.g. T. Di Matteo et al. 2008 ; Y. M.
ahé et al. 2022 ). In colibre we follow the method of Y. M.
ahé et al. ( 2022 ) where at ev ery time-st ep 
t, each BH particle
earches for the gas particle within its SPH kernel that has the
owest gravitational potential. If this gas particle is also within
hree gravitational softening lengths of the BH and has a lower
otential than at the BH’s current position, the BH is immediately

re-positioned’ to the location of that gas particle. The velocity
f the BH remains unchanged during the re-positioning. As rec-
mmended by Y. M. Bahé et al. ( 2022 ), when selecting the gas
eighbour with the lowest gravitational pot ential, w e e x clude the
ontribution of the BH particle to the potential. 

.2.9 Feedback from AGN 

he colibre suite includes simulations with purely thermal
GN feedback as well as simulations with a hybrid AGN feedback
ode that combines BH-spin dependent kinetic jets and thermal

nergy injections, with the largest colibre volumes available
nly for the thermal models. This work focuses entirely on cal-
brating the colibre simulations with purely thermal AGN feed-
ack. The calibration of simulations with hybrid AGN feedback,
hich builds upon the results of this study, is described in F.
uško et al. ( 2026 ). 
The purely thermal AGN feedback from SMBHs is imple-
ented following C. M. Booth & J. Schaye ( 2009 ) and is similar

o that used in eagle (J. Schaye et al. 2015 ). Out of the total gas
ass accreted by a BH particle over a given time-step from t to

 + 
t , ˙ m accr 
t , the BH receives 8 a fraction 

m BH 

= (1 − ε r ) ˙ m accr 
t , (11) 

here ε r is the radiative efficiency. The remaining mass,
 r ˙ m accr 
t, is assumed t o hav e been conv ert ed int o energy that
scapes the BH as radiation, a fraction of which is coupled to the
 as surr ounding the BH. The energy r eceived by the g as in the
ime-step 
t, 
E AGN 

, is 

E AGN 

= ε f ε r ˙ m accr c 2 
t , (12) 

here ε f is the coupling efficiency. For both ε r and ε f , we adopt a
alue of 0.1 at m7 resolution. The former is motivated by theoreti-
al considerations (N. I. Shakura & R. A. Sunyaev 1973 ), while the
at ter w as chosen to yield realistic z = 0 SMBH masses in high-

ass z ≈ 0 galaxies. 
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As is the case with stellar feedback (see discussion in Sec- 
ion 2.2.5 ), injecting the energy 
E AGN 

into surrounding gas 
ay result in numerical overcooling if 
E AGN 

is insufficient to 
ncrease the temperature of the gas in which the energy is in-
ect ed t o values high enough for the cooling time to be long.
ollowing C. M. Booth & J. Schaye ( 2009 ), we wait until a suf-
ciently large amount of energy has been accumulated by the 
ccreting BH. Numerically, this is achieved by having each BH 

article carry an energy reservoir, E 

reservoir 
AGN 

, which is empty upon
H seeding but whose energy is increased at ev ery time-st ep
y the value of 
E AGN 

for that time-step. Once the energy in
he r eservoir e x ceeds a thr eshold energy 
E AGN , thr , we inject the
nergy 
E AGN , thr into one of the gas particles within the SPH 

ernel of the BH particle and subtract an equivalent amount of 
nergy from the reservoir . W e define 
E AGN , thr as the energy that
esults in a temperature increase of the heated gas neighbour by 
T AGN 

, 
E AGN , thr ≡ 
E heat (〈 m gas 〉 , 
T AGN 

) , where 〈 m gas 〉 is the
verage gas particle mass in the BH’s kernel and the e xpr ession for
E heat (〈 m gas 〉 , 
T AGN 

) is given by equation ( 3 ). If the BH particle
ccretes rapidly and/or its time-step is very long, the energy in the
eservoir E 

reservoir 
AGN 

may temporarily e x ceed N AGN 


E AGN , thr , wher e
 AGN 

is the maximum number of particles that can be heated (see
elow). In this case, the energy 
E AGN , thr is injected into N AGN 

gas
eighbours, and E 

reservoir 
AGN 

is reduced by N AGN 


E AGN , thr . 
For all simulations used in the calibration of the colibre 

odel at m7 resolution, we employ 
T AGN 

= 10 9 K . This value,
hich is the same as that used in the eagle-recal model (J.

chaye et al. 2015 ), ensures that AGN feedback is efficient and
 ell-sampled in massiv e haloes. How ev er, aft er completing the

alibration simulations and identifying the best-fitting m7 model 
ith 
T AGN 

= 10 9 K , we found that a fixed value of 
T AGN 

=
0 9 K was not the optimal choice for higher resolutions. Instead,
 BH mass-dependent 
T AGN 

(equation 20 ) proved to be a better
ption. Ther efor e, while the calibration at m7 resolution (de-
cribed in Sections 3 and 4 ) is based on 
T AGN 

= 10 9 K , the fidu-
ial colibre m7 model adopts a variable 
T AGN 

, to be consis-
ent with the fiducial models at higher resolutions. This choice 
s justified in more detail in Section 5.4 , where we also present
omparisons between the best-fitting m7 model with 
T AGN 

= 

0 9 K and the fiducial colibre model with variable 
T AGN 

in
igs 14 and 15 . To avoid confusion, the colibre model with fixed
T AGN 

= 10 9 K will consistently be r eferr ed to as such through-
ut the text. The final version, which employs a variable 
T AGN 

,
ill be r eferr ed to as the fiducial model, the colibre model with

ariable 
T AGN 

, or simply the colibre model. 
To select the gas neighbours that will receive the energy 
E AGN , thr , we employ the ‘Minimum Distance’ algorithm from E. 
haikin et al. ( 2022 ). If a BH particle needs to distribute N AGN 

≥ 1
nergy injections among its neighbours, then the N AGN 

closest 
eighbours each receive one energy injection. As in Y. M. Bahé
t al. ( 2022 ), the maximum number of gas neighbours a BH par-
icle can heat in a single time-step, N BH , max , is set to 50. 9 
 In rare events where N AGN is greater than N BH , max , we increase 
T AGN 
y N AGN /N BH , max and heat the N BH , max closest neighbours using the 
pdated value of 
T AGN . Additionally, if the number of gas particles 
ithin the kernel of the BH, N ngb , is smaller than min (N AGN , N BH , max ) , 

hen 
T AGN is raised by min (N AGN , N BH , max ) /N ngb and all N ngb particles 
eceive the energy corresponding to the updated 
T AGN . 

m
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t
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 EMULATORS  

e use Gaussian process emulat ors t o det ermine the optimal
alues of the subgrid parameters for SN and AGN feedback in
he colibre model at m7 resolution and to demonstrate that 
implified prescriptions for SN feedback with reduced numbers 
f free parameters cannot provide an equally good fit to the target
bservational data. We construct Gaussian process emulators us- 
ng the python package swift-emulator (R. Kugel & J. Borrow 

022 ) and follow the method 

10 from R. Kugel et al. ( 2023 ), who
mployed Gaussian process emulators to calibrate the large (up to 
 . 8 3 cGpc 3 ) cosmological simulations flamingo (J. Schaye et al.
023 ), but which have lower resolution and use a simpler galaxy
ormation model than colibre . 

We set up ≈ 200 simulations that sample the part of the col-
bre parameter space of interest here at unique points, utilizing 
he Latin hypercube sampling technique (see Section 4.3 ). These 
imulations are used to train emulators in order to ‘interpolate’ 
o other points in the parameter space. That is, the emulators
ill provide a continuous reconstruction of the parameter space, 
ithout requiring us to run any additional simulations. With the 

rained emulators, the search for the best-fitting values of subgrid 

arameters will be simplified to the minimization of the error 
etw een the emulat or predictions and the target observational 
ata. 
We apply this emulation method e x clusiv ely t o the m7 resolu-

ion, where we run all simulations for the emulator training set in
 ( 50 cMpc ) 3 v olume. Emulat ors are not used for calibrating the
6 and m5 colibre models, as running simulations at m6 and
5 resolutions in the same cosmological volume would be pro- 

ibitiv ely computationally expensiv e. Reducing the cosmological 
 olume t o compensat e for the increased computational cost is
ot a viable solution either, as the absence of relatively massive
alaxies ( M halo � 10 13 M �) in smaller volumes would prevent the
mulators from properly calibrating the strength of AGN feed- 
ack. Instead, at m6 and m5 resolutions, we chose to calibrate
he model manually, using the subgrid par ameter v alues of the
alibrated m7 model as an initial guess. The ability to start from
he best-fitting parameter values determined at m7 resolution –
ombined with the relatively good convergence of the colibre 

odel with resolution and insights into the model’s response 
 o subgrid paramet er variations g ained thr ough the emulators –

akes manual calibration at m6 and m5 resolutions feasible. 
We note that an alternative approach to calibrating higher- 

esolution models is to perform the emulator-based calibration 

t m7, m6, and m5 resolutions simultaneously , treating the gas
article mass as an additional emulator parameter. In this set-up, 

f the model exhibits reasonable convergence with resolution, the 
igher-resolution simulations can be run in progressively smaller 
 olumes t o reduce the computational cost of gener ating tr aining
ata. The emulator then learns the properties of massive haloes 
rom the lower-resolution simulations and, by using the (lower- 

ass) haloes present at all three resolutions, can potentially still 
nfer how the properties of those massive haloes – absent from the
igher-resolution training sets – vary with r esolution. Compar ed 

o the manual approach adopted in this work, this alternative 
ethod has the advantage of incorporating resolution effects 
MNRAS 548, 1–42 (2026) 

0 How ev er, unlike R. Kugel et al. ( 2023 ), we do not consider the bias pa- 
amet ers for st ellar mass and cosmic variance, which R. Kugel et al. ( 2023 ) 
ound t o hav e a negligible effect on the calibration of the flamingo 

imulations. 
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irectly into the emulator’s dependence on a single parameter,
 gas , making it str aightforw ard to study resolution effects and

nabling the simultaneous determination of best-fitting param-
ter values across all resolutions. Its main drawback (and the
eason we did not adopt it) is that it r equir es significantly mor e
rior knowledge of the model, as each iteration of narrowing
he parameter space in search of the best-fitting model becomes
ubstantially more computationally expensive due to the inclu-
ion of higher-resolution simulations, even when these are run
n smaller cosmological volumes. 

.1 Set-up 

onsider a smooth mapping y = f (x, θ) , where an output y de-
ends on an input scalar variable x and a paramet er v ect or θ. 11 

ssuming that we know the true relation y = f (x, θ) only at a
nite number of points N, denoted { x n , θn , y n = f (x n , θn ) } N n =1 , our
oal is to use this limited information to appr o ximate y = f (x, θ)
hroughout the joint input space of x and θ. When f represents
 comple x, computationally e xpensive model (such as the col-
bre galaxy formation model, where the data are generated by
unning numerical simulations), this appr o ximation pr ocess is
ermed emulation . 

We will write a hat above ‘ f ’ to distinguish an emulator, y =
ˆ f (x, θ) , from the true relation, y = f (x, θ) . The size of v ect or θ
s equal to the number of parameters on which the emulator
epends. In the following, we will write N param 

as a short-hand
otation for the length of θ. 
A Gaussian process with zero mean is fully specified by its

ovariance function (e.g. C. E. Rasmussen & C. K. I. Williams
006 ). As in R. Kugel et al. ( 2023 ), we construct the covariance
unction using the squared exponential kernel, 

( X , X 

′ ) = exp 

[
− ( X − X 

′ ) T C 

−1 ( X − X 

′ ) 
2 

]
, (13) 

here the v ect ors X = (x, θ) and X 

′ = (x ′ , θ′ ) correspond t o tw o
ifferent points in the N param 

+ 1 -dimensional parameter space,
nd C is a diagonal matrix that sets the length scale for each
imension of the parameter space. We do not opt for more sophis-
icated kernels because the relations we emulate vary smoothly
ith X across the entire parameter space. The entries of the ma-

rix C are optimised during training of the Gaussian process emu-
ators by maximizing the log marginal likelihood of the Gaussian
rocess (see, e.g. C. E. Rasmussen & C. K. I. Williams 2006 ). 

.2 The emulated relations 

e emulate two relations that are used t o calibrat e the colibre
N and AGN feedback: 

(i) GSMF at z = 0 . Here the input variable x is the galaxy stellar
ass, M ∗, and the output variable y is the number of galaxies per

nit volume, d n , per logarithmic bin of stellar mass, d log 10 M ∗.
ecause the stellar mass M ∗ can span many orders of magnitude,
e perform the emulation in log space, adopting x = log 10 M ∗ as
pposed to x = M ∗. Likewise, for the output y , we take y ≡ f (x) =
og (d n/ d log M ∗) , as opposed to d n/ d log M ∗. 
NRAS 548, 1–42 (2026) 

10 10 10 

1 As we will show later in Section 4.2 , these parameters will be com- 
inations of various subgrid parameters of the colibre SN and AGN 

eedback. 

3

W  

S  
(ii) SSMR at z = 0 . Here the input is again x = log 10 M ∗, while
he output is log 10 of the median projected stellar half-mass radius
f the simulated galaxies whose stellar mass is M ∗. 

For each subhalo, the stellar mass M ∗ is computed as the sum of 
he masses of gravitationally bound stellar particles within a 3D
pherical aperture of 50 pkpc, centred on the position of the most
ound particle (of any type). By conducting mock observations
f g alaxies fr om the eagle simulations, A. de Graaff et al. ( 2022 )
ound that this choice of aperture yields results similar to the

asses inferr ed fr om fitting Sérsic pr ofiles, which is a method
requently used in observations. For both emulated relations, we
ake the x values from the simulations and arrange them in bins
f equal size of 
 log 10 (M ∗/ M �) = 0 . 2 . For the SSMR, we then
ompute the median pr ojected g alaxy half-mass radius in each
in, while for the GSMF, we count the number of objects in
ach mass bin and divide it by the simulated volume and by the
ogarithmic width of the bin. Project ed st ellar half-mass radii,
ike M ∗, are calculated in 50 pkpc 3D apertures, considering only
tellar particles that are gravitationally bound to the subhalo. 

Before binning the simulated data, we shift all stellar masses
y 
M ∗ where 
M ∗ is drawn from a lognormal distribution with
ero mean and a standard deviation of 0.1 dex. This adjustment
ccounts for the A. S. Eddington ( 1913 ) bias, which affects ob-
ervational data and thus must also be applied in the simulation.
he choice of 0.1 dex reflects a typical uncertainty in stellar mass
easur ements (e.g . A. S. G. Robotham et al. 2020 ). Throughout

his w ork, w e apply this correction not only t o the GSMF and
SMR, but also to all other simulation-pr edicted r elations wher e
he independent variable is galaxy stellar mass. 

The uncertainties in the y values of the simulated data are
ccounted for as follows. For the SSMR, the error 
y is defined
s half the difference between the 84 th and 16 th percentiles of 
he distribution of y values within each stellar mass bin. For
he GSMF, the error 
y is given by the Poisson uncertainty. We
se the square of 
y to define the diagonal entries of a noise
ovariance matrix (which is otherwise zero). This noise matrix
s added to the Gaussian process covariance matrix, constructed
sing the kernel function (equation 13 ) and the training data,

o form the total covariance for the Gaussian process. Including
his noise term prevents overfitting to the training data, yielding
moother (i.e. less oscillatory) emulated relations. To optimise
he smoothness, we introduce a hyperparameter that rescales the
oise matrix. The value of this hyperparameter is set during train-

ng of the Gaussian process emulators, alongside the optimisation
f the diagonal elements of the matrix C from equation ( 13 ). 

Additionally, w e emulat e the stellar-to-halo mass relation
SHMR) for central subhaloes. This relation is not used to cal-
brate the colibre model due to its weak observational con-
traints, but serves as a diagnostic tool. Our halo mass, M halo ,
ollows the spherical overdensity definition of G. L. Bryan & M.
. Norman ( 1998 ). The emulator input consists of x = log 10 M halo 
nd y = log 10 (M ∗/M halo ) . The y values r epr esent the median
t ellar-t o-halo mass ratios computed in halo mass bins of 0.2 dex
idth, with uncertainties given by half the difference between the

4 th and 16 th percentiles of the distribution of individual subhalo
alues in each mass bin. 

.3 Target observational data 

e now describe the observational data to which the GSMF and
SMR emulators from Section 3.2 will be fit. The fitting will be
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erformed over the galaxy stellar mass range 10 9 < M ∗/ M � <

0 11 . 3 . The lower bound is set by resolution constraints: at m7 res-
lution, M ∗ = 10 9 M � corresponds to only ∼ 100 stellar particles. 
he upper bound is set by the relatively small number of galaxies
ith M ∗ > 10 11 . 3 M � in the (50 cMpc) 3 volume simulations that

re used to construct the emulator training data. 

.3.1 Galaxy stellar mass function at z = 0 

he GSMF provides one of the most stringent constraints on 

he ev olution of st ellar mass in the Univ erse: it det ermines not
nly the total stellar mass formed in the Universe but also the
elative abundance of low- and high-mass galaxies. We constrain 

he simulated z = 0 GSMF by matching it to the z = 0 GSMF from
. P. Driver et al. ( 2022 ) (their table 6, column ‘all’, including the
.0807 dex correction accounting for the re-normalization to the 
loan Digital Sky Survey (SDSS) and evolution to precisely z = 0 ).
he S. P. Driver et al. ( 2022 ) GSMF was derived from the Galaxy
nd Mass Assembly, Data Release 4 (GAMA DR4) survey, which 

rovides multiwavelength observations for over 200,000 galaxies 
ith spectroscopically confirmed redshifts. The S. P. Driver et al. 

 2022 ) GSMF spans ∼ 5 dex in st ellar mass, ext ending down to
 ∗ ∼ 10 7 M �, and is presented precisely at z = 0 , as the authors

ccount for redshift ev olution betw een the median redshift of 
heir sample ( z ≈ 0 . 079 ) and z = 0 . The stellar masses were com-
uted assuming a G. Chabrier ( 2003 ) IMF. 

.3.2 Galaxy size–stellar mass relation at z = 0 

eproducing the observed GSMF does not guarantee that other 
roperties of the simulated galaxies, besides stellar mass, will 
e realistic. For example, while the GSMF provides constraints 
n the total stellar masses of galaxies, it says nothing about how
hat stellar mass is distributed within the galaxies. Indeed, R. A. 
rain et al. ( 2015 ) showed that depending on the subgrid model
dopted in the numerical simulation, simulated galaxies may be 
escribed by the same GSMF, but differ drastically in their stellar
alf-mass radii. 
We take the galaxy stellar mass–size relation from J. A. 
ardwick et al. ( 2022 ) (their table C1, column ‘Half-mass

adius’) as a secondary constraint on our simulations. The J. A. 
ardwick et al. ( 2022 ) data come from the eXtended GALEX
r ecibo SDSS Survey (xG ASS; B . Catinella et al. 2018 ), which

ontains ∼ 1200 galaxies selected from the SDSS DR7 catalogue. 
he sample has a flat stellar mass distribution spanning M ∗ ≈ 10 9 

o 10 11 . 5 M � and redshifts in the range 0 . 01 < z < 0 . 05 . J. A.
ardwick et al. ( 2022 ) provide the median galaxy half-mass

adii in stellar-mass bins of 0.2 dex width. The half-mass sizes
 ere estimat ed by applying the S. Zibetti, S. Charlot & H.-W.
ix ( 2009 ) mass-to-light conversion to the stellar light profiles,
hich themselves are Sérsic fits performed by R. H. W. Cook et

l. ( 2019 ). As shown by J. A. Hardwick et al. ( 2022 ), the half-mass
izes are smaller by ≈ 0 . 1 dex than the corresponding half-light
izes in the r-band, which is in agreement with A. de Graaff
t al. ( 2022 ), who found a similar difference between mass-
nd luminosity-w eight ed galaxy sizes in the eagle simulations, 
sing the SDSS pipeline for the analysis. 

.4 The search for the best-fitting parameter values 

ach emulated relation y = 

ˆ f (x, θ) changes smoothly with x and
. Once w e hav e construct ed y = 

ˆ f (x, θ) by training the emulator
n the simulation data { x n , θn , y n } N , our goal is to find the values
n =1 
f the parameters θ that result in the best agreement between 

he emulator predictions and observational data. To quantify how 

ell Gaussian process emulators can fit the observational data, 
e use Bayesian analysis. 

.4.1 Prior 

e start by setting up a prior on the emulator parameters θ,
 prior ( θ) . We assume that each parameter θi has a uniform prior
ithin some range from θi, min to θi, max , and is otherwise zero, 

 i, prior (θi ) = 

{
1 , if θi, min ≤ θi ≤ θi, max 
0 , otherwise . (14) 

he total prior for θ is then the product P prior ( θ) = 

∏ N param 
i P i, prior .

We opt for such a prior because of our limited knowledge about
he parameters θ. The vector θ contains the subgrid parameters of 
he SN and AGN feedback model. Probing N random realizations 
f θ r equir es running N independent simulations, each of which
ay take a long time to complete. Ther efor e, given N simulations

hat we can afford to run, our training data contain N unique val-
es for each subgrid parameter θi . The values of θi are distributed
ithin a certain interval, whose lower and upper bounds define, 

espectively, θi, min and θi, max in equation ( 14 ). We set the prior to
ero outside the domain sampled by the simulations because the 
rrors of a Gaussian process emulator become large when it is
sed for extrapolation. 

.4.2 Likelihood 

e compute the total log-likelihood function, ln L ( θ) , as the sum
f individual log-likelihood functions for the emulated GSMF and 

SMR, 

ln L ( θ) = ln L GSMF ( θ) + ln L SSMR ( θ) , (15) 

hich means that the GSMF and SSMR contribute equally to the
otal likelihood. 

The likelihood of each emulated relation is computed assum- 
ng that the statistical errors in the emulator prediction and the
bservational data are Gaussian distributed and independent, 

ln L R ( θ) = −〈 N obs 〉 
N R, obs 

1 
2 

N R, obs ∑ 

n =1 

⎡ 

⎣ 

ˆ f R (x R,n , θ) − y R,n √ 

σ 2 
R,n + ε 2 R, emu 

⎤ 

⎦ 

2 

, (16) 

here the subscript R is a placeholder for GSMF or SSMR. N e xt,
 R,n , y R,n , and σR,n ar e, r espectively, the x values, y values, and
rrors on the y values of the observational data used to con-
train the emulated relation R (see Section 3.3 ), and N R, obs is the
umber of observational data points over which the sum is com-
uted. ˆ f R (x R,n , θ) is the prediction of the emulator of the relation
 evaluated at x R,n and for the paramet er v ect or θ. The SSMR
nd GSMF likelihood functions are normalized by N R, obs / 〈 N obs 〉
here 〈 N obs 〉 = (N GSMF , obs + N SSMR, obs ) / 2 is the average number
f data points contained in the observational data for the GSMF
nd SSMR emulators. This normalization ensures that differ- 
nces in the number of data points between the GSMF and SSMR
atasets do not affect their relative contributions to the total like-

ihood. Note that since the emulators are constructed using sim- 
lation data in log-log space (see Section 3.2 ), the observational
ata used in equation ( 16 ) – including both the x and y values, as
ell as the errors on the y values – are also logarithmic. 
MNRAS 548, 1–42 (2026) 
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Finally, ε R, emu is the uncertainty in the emulator predictions
or the relation R . To estimate ε R, emu , we train the emulators on
ll but one simulation from the training data of a given model
see Table 1 and Section 4.1 ), and ask the emulat or t o predict the
SMF and SSMR for the simulation that was left out. We repeat

his pr ocedur e for each simulation in the training data of each
odel and r ecor d the differ ences betw een the emulat or predic-

ions and the simulation data. For both GSMF and SSMR, this
iv es us N runs v ect ors with emulat or err ors wher e entries of each
 ect or correspond t o different st ellar mass bins and the number
 runs is the total number of simulations in the training data (see
ection 4.3 ). We concat enat e all N runs v ect ors int o a single list and
ompute ε R, emu as the standard deviation of the entries in this list.
he value of ε R, emu slightly changes depending on the relation
nd the model for which the emulator is constructed but averages
o ≈ 0 . 07 dex. 12 

.4.3 Posterior 

he log posterior is the sum of the log likelihood and the log prior,

ln P posterior ( θ) = ln L ( θ) + ln P prior ( θ) , (17) 

rom which we obtain the v alues of the par ameters of the best-
tting model, θbest , as 

ln P posterior ( θbest ) = max 
(
ln P posterior ( θ) 

)
. (18) 

To find the maximum of the posterior distribution,
n P posterior ( θ) , we use the Markov chain Monte Carlo (MCMC)
ython package emcee (D . F oreman-Mackey et al. 2013 ). We
un MCMC for 5,000 steps using 30 independent walkers, which
s more than sufficient for conv ergence, as indicat ed by the

CMC trace plot (not shown here). The walkers are initialized at
andom positions within the region of parameter space where the
rior is non-zero. In the analysis of the posterior distribution, we
emove the first 200 steps for each walker to avoid the ‘burn-in’
hase. To generate proposal steps for the random walk through
he paramet er space, w e employ the ‘stret ch mov e’ algorithm (J.
oodman & J. Weare 2010 ) with a stretch scale parameter of 2.
astly, w e not e that it is not necessary to normalize the posterior

o find the best-fitting parameter values, as can be seen from
quation ( 18 ). 

 C A L I B R AT I O N  W I T H  EMULATORS  

his section describes the calibration strategy of the colibre
odel with fixed 
T AGN 

= 10 9 K at m7 resolution, which makes
se of the method of emulators detailed above. The objective of 

he calibration is to maximize the agreement between the simula-
ion and target observational data, which is achieved by adjusting
NRAS 548, 1–42 (2026) 

he subgrid parameters of the model, or the model itself. 

2 Because the emulator error, ε R, emu , varies slightly between different 
mulated relations R , it affects the relative contribution of each relation 
 o the t otal likelihood. To estimat e the impact of this, w e t est ed alt ernativ e 
hoices for ε R, emu in equation ( 16 ), such as using an average error over the 
w o emulat ed relations – GSMF and SSMR – or an error further averaged 
ver all models used in the emulation. We did not find any advantage 
f using these alt ernativ es, nor any significant impact on the best-fitting 
ar ameter v alues of the final model. Ta
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.1 Models with simplified supernova feedback 

s the starting point of the calibration, we take a model of galaxy
ormation with a significantly simplified version of SN feedback, 
ompared to the fiducial colibre prescription presented in Sec- 
ion 2.2.3 . We will call this model the Basic model. The other
spects of the galaxy formation physics in the Basic model will 
e the same as described in Section 2 . 

We do not commence with calibrating the fiducial colibre SN 

eedback because it is not obvious a priori whether using a more
omplex model will lead to a better fit of the simulation to the
bservational data. Only failing to match the target observational 
ata with the simplified model will indicate that a more sophisti-
ated model is necessary. 

Besides the Basic model, we consider two other simpli- 
ed prescriptions for SN feedback: ThermalKinetic and 

hermalKinetic _ var 
T SN , each of which is detailed below. 
e emphasize that the only difference between the colibre 

odel with fixed 
T AGN 

and its simplified versions – Basic , 
hermalKinetic , and ThermalKinetic _ var 
T SN – is the 

reatment of SN feedback, while all other parts of the galaxy 
ormation physics remain identical, including the heating tem- 
erature 
T AGN 

= 10 9 K in AGN feedback. Unlike SN feedback, 
e do not consider simplified prescriptions for AGN feedback 

ecause BH particles heating gas neighbours with a constant 
emperature and using fixed radiative and coupling efficiencies 
see Section 2.2.9 ) already constitutes a basic AGN algorithm. 

.1.1 The basic model 

elativ e t o the fiducial colibre prescription for SN feedback 

rom Section 2 , we make the following simplifications in the
asic model: 

(i) The energy of a single SN, in units of 10 51 erg, f E , is constant
ather than dependent on the stellar birth pr essur e, P birth (see
quation 2 ). The value of the constant f E will be determined using
mulators. 

(ii) All energy released by SNe is injected thermally; that is, 
he fraction of SN energy injected in kinetic form, f kin , is set to
, meaning the kinetic channel of SN feedback is not used. 

(iii) The heating temperature in the thermal (CC and type-Ia) 
N feedback, 
T SN 

, is set to a constant value of 10 7 . 5 K – the
alue used in the eagle simulations – rather than being density- 
ependent (equation 8 ). 

.1.2 The thermal-kinetic model 

n addition to the Basic model, we consider a modification in
hich the prescription for SN feedback includes both kinetic and 

hermal channels of energy injection (i.e. f kin is no longer neces- 
arily 0). We refer to this model as ThermalKinetic . As is the
ase in the colibre model with fixed 
T AGN 

, the kinetic channel
f the ThermalKinetic model uses the desired kick velocity 
arameter of 
v kick = 50 km s −1 . Otherwise, ThermalKinetic

s the same as Basic , including the constant energy in SN feed-
ack and the constant heating temperature of 
T SN 

= 10 7 . 5 K in
he thermal channel of energy injection. 

Compared to Basic , the ThermalKinetic model intro- 
uces one additional free parameter: the fraction of SN energy 

njected in kinetic form, f kin , which will be determined using
mulat ors. We not e that for f E = 2 and f kin = 0 . 1 , the CC SN
eedback in the ThermalKinetic model becomes identical to 
hat in the fiducial model used in the simulations of isolated disc
alaxies by E. Chaikin et al. ( 2023 ). 

.1.3 The thermal-kinetic model with a variable heating 
emperature 

ur final simplified model is ThermalKinetic _ var 
T SN . 
s the name suggests, compared to ThermalKinetic , 
hermalKinetic _ var 
T SN adopts the density-dependent 
eating temperature for thermal SN feedback (for both CC 

nd type-Ia SNe) detailed in Section 2.2.5 , while Basic and
hermalKinetic use a constant value of 
T SN 

= 10 7 . 5 K . 
Of the simplified models, ThermalKinetic _ var 
T SN is the 

losest to the colibre model with fixed 
T AGN 

= 10 9 K . The only
ifference is that the colibre fiducial prescription for SN feed- 
ack adopts an f E that depends on the stellar birth gas pressure,
ollowing equation ( 2 ), whereas ThermalKinetic _ var 
T SN 
ses a constant f E . 

.2 Selection of subgrid parameters for emulator-based 

alibration 

e next describe the selection of the subgrid parameters that 
ill be calibrated using emulators. These parameters, which we 
enote by the vector θ, enter the emulators defined in Section 3.2
nd are optimized with the methods of Bayesian statistics (Sec- 
ion 3.4 ), such that the simulation provides the best mat ch t o the
bservational data (Section 3.3 ). 

We will use the emulators to optimize only the subgrid pa-
ameters that govern the strengths of SN and AGN feedback. 
aramet ers relat ed t o other aspects of galaxy formation physics
such as star formation, chemical enrichment, or radiative cool- 
ng) will not be considered, either because they have little to no
mpact on the galaxy properties relevant to our calibration (i.e. 
SMF and SSMR), or because their values are well constrained by

undamental physics or inferred from independent observations. 

.2.1 AGN feedback parameters 

he notable parameters of the colibre model with fixed 
T AGN 

elat ed t o AGN feedback are (i) the AGN heating temperature,
T AGN 

; (ii) the seed mass of BH particles, m BH , seed ; and (iii) the
inimum FoF mass of a halo in which BH particles can be

eeded, M FoF , seed . 

(i) The AGN heating temperature, 
T AGN 

, determines the ther- 
al energy received by a gas particle in a single AGN energy injec- 

ion event. In other words, 
T AGN 

is a measure of the ‘burstiness’
f AGN feedback. In principle, higher (lower) values of 
T AGN 

 end t o yield stronger (w eaker) AGN feedback. How ev er, owing
o the ability of SMBHs to self-regulate (C. M. Booth & J. Schaye
009 , 2010 ), we expect the exact value of 
T AGN 

to have only a
inor impact on the z = 0 GSMF and SSMR (e.g. I. G. McCarthy

t al. 2017 ), provided that the temperature of the heated gas re-
ains sufficiently high for the injected thermal energy not to be

 apidly r adiated aw ay. We will ther efor e not consider 
T AGN 

as
ne of the subgrid parameters for calibration and instead keep 

t fixed at 10 9 K . In Section 5.5 we will confirm that (modest)
ariations in 
T AGN 

indeed have only a minor effect on the z = 0
SMF and SSMR, and that these small differences can be com-
ensated for by adjusting other model parameters. 
(ii) The BH seed mass, m BH , seed , determines how quickly BHs 

an grow over time (see equation 10 ). Higher m BH , seed will cause
MNRAS 548, 1–42 (2026) 
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aster BH growth, leading to more energetic AGN feedback in
ower-mass galaxies and at higher redshifts (e.g. C. M. Booth
 J. Schaye 2009 ). Because both the GSMF and SSMR depend

ensitively on the strength of AGN feedback, we will include
 BH , seed in the set of subgrid parameters for optimization with

mulators, θ. 
(iii) The minimum halo FoF mass in which BHs are seeded,
 FoF , seed , has a prominent effect on the calibrated relations too,

ecause, similarly t o m BH , seed , M FoF , seed det ermines how early BHs
an start growing in mass (e.g. C. M. Booth & J. Schaye 2009 ).
ow ev er, for the same reasons, M FoF , seed is strongly degenerate
ith m BH , seed . For e xample, incr easing M FoF , seed will delay the

rowth of BHs, but a similar effect can be achieved by decreas-
ng m BH , seed . Owing to this degeneracy, which will be shown in
ection 5.5 , we will not include M FoF , seed in our set of parameters
or optimization. As already explained in Section 2.2.8 , at m7
esolution we set M FoF , seed = 5 × 10 10 M �. 

.2.2 Supernova feedback parameters 

ecause we consider four different prescriptions for SN feedback,
e will, for clarity, describe the SN feedback parameters for each
odel separately. 

(i) In the Basic model, the only free parameter is the energy
er single SN in units of 10 51 erg, f E . Ther efor e, the full param-
t er v ect or θ for the Basic model, including the AGN feedback
arameters from Section 4.2.1 , is given by θ = (m BH , seed , f E ) . 
(ii) The ThermalKinetic model contains an additional free

ar ameter: the fr action of SN energy injected in kinetic form,
f kin . This makes the total number of paramet ers ent ering the
aramet er v ect or θ equal t o three: θ = (m BH , seed , f E , f kin ) . 
(iii) The ThermalKinetic _ var 
T SN model employs a

ensity-dependent heating temperature for SN feedback (equa-
ion 8 ), which is described by four paramet ers: the piv ot gas
ensity n H , pivot , the heating temperature at the pivot density
T SN , pivot , and the minimum and maximum heating tempera-

ures, 
T SN , min and 
T SN , max . As documented in Section 2.2.5 , at
7 resolution we set 
T SN , pivot , 
T SN , min and 
T SN , max to 10 6 . 5 K ,

0 6 . 5 K , and 10 7 . 5 K , respectiv ely, which leav es us with only one
r ee parameter: n H , pivot . Ther efor e, the final form of the parame-
 er v ect or θ for the ThermalKinetic _ var 
T SN model is θ =

(m BH , seed , f E , f kin , n H , pivot ) . 
(iv) Finally, the colibre model with fixed 
T AGN 

= 10 9 K
henceforth, the ThermalKinetic _ var 
T SN varf E model)
ses a stellar birth pr essur e dependent energy for CC SN feedback
equation 2 ). This comes with another set of four parameters,
f E , min , f E , max , σP , and P E , pivot , which together replace the param-
ter f E that specifies the constant energy in CC SN feedback
n the three simplified models. As explained in Section 2.2.3 ,
he values of three out of the four extra parameters are fixed:
f E , min = 0 . 1 , f E , max = 4 , and σP = 0 . 3 . Thus, in the emulation, the
ependence of f E on the stellar birth pr essur e will be described
ith a single free parameter, P E , pivot , resulting in the parameter
 ect or for the ThermalKinetic _ var 
T SN varf E model, θ =

(m BH , seed , P E , pivot , f kin , n H , pivot ) . 
e note that due to the functional degeneracies between P E , pivot ,

f E , min , and f E , max (see equation 2 ), a very low (high) P E , pivot pre-
erred by the emulator will suggest that our chosen value of f E , max 
 f E , min ) may be too low (high). In Section 5.5 , we will show that
 E , pivot , f E , min , and f E , max are indeed degenerate with one another
and also with σ ). 
NRAS 548, 1–42 (2026) 

P m  
.3 Training data for emulators 

or the ThermalKinetic _ var 
T SN varf E model described in
ection 2 , as well as its three simplified counterparts introduced
n Section 4.1 , we construct emulators of both the GSMF and
he SSMR as defined in Section 3.2 , resulting in a total of eight
ndependent emulators. Additionally, for diagnostic purposes, we
onstruct emulators of the SHMR for the Basic and Ther-
alKinetic models, yielding two more independent emula-
 ors. Each emulat or must be trained before it can be used for
arameter inference or diagnostics. 
To build the training datasets, we run a set of simulations.

or a given model, each simulation r epr esents a unique combi-
ation of values of the subgrid parameters θ (i.e. it is a unique
ampling point in the parameter space). To evenly sample the
aramet er space giv en our uniform priors, w e make use of the
atin hypercube sampling technique (M. D. McKay, R. J. Beckman
 W. J. Conover 1979 ). The main advantage of Latin hypercube

ampling over random sampling is that it r equir es significantly
ewer sampling points to achieve the desired accuracy in emula-
 or predictions. Giv en a target of N sampling points in an N param 

-
imensional parameter space, this is achieved by first creating a
rid that divides the space int o N 

N param equal-v olume cells. Sam-
ling is then performed by placing N points into N cells such
hat, when projected onto any single parameter dimension, there
s exactly one point in each of the N equally spaced intervals,
ith each point positioned randomly within its assigned cell. As
 result, Latin hypercube sampling covers the parameter space
ore evenly, allowing the number of simulations needed to train

he emulators for each model to remain relatively modest. 
To further enhance emulator accuracy, we construct the Latin

yper cubes hierar chically at tw o lev els: a coarse lev el 1 with
road par ameter v ariations and level 2, a r efined subr egion within

evel 1 with finer sampling. The boundaries of level 2 are deter-
ined by first training the emulator using only the simulations

rom level 1 and identifying the subregion of the parameter space
hat most likely contains the best-fitting model. At level 1, we run
 

L1 
runs = 24 simulations for the Basic model, 32 for the Ther-
alKinetic model, and 40 for ThermalKinetic _ var 
T SN 
nd ThermalKinetic _ var 
T SN varf E . The number of 
imulations in the Latin hypercube increases with the
ize of the parameter vector θ, whose dimensions for
he four models ar e, r espectively, 2, 3, 4, and 4. At level
, we use N 

L2 
runs = 40 simulations for the ThermalKi-

etic model, 8 for ThermalKinetic _ var 
T SN , and
 for ThermalKinetic _ var 
T SN varf E . We do not
se level 2 for the Basic model because its simplicity
llows the emulator to accurately determine the best-
t ting par ameter v alues using only lev el 1. Lev el 2 of 

he ThermalKinetic model contains significantly more
imulations than those of ThermalKinetic _ var 
T SN and
hermalKinetic _ var 
T SN varf E , as we fit ThermalKi-
etic not only to the observed GSMF and SSMR together
ut also separately to each observable. This results in three
est-fitting models located in different regions of the parameter
pace (see Section 5.1.4 ). Furthermore, since the Basic model
s equivalent to the ThermalKinetic model with f kin = 0 , we
ncorporate 24 simulations from the Basic model’s hypercube
nto that of the ThermalKinetic model. This improves the
ccuracy of the emulator predictions for ThermalKinetic
ear the hypercube boundary where f kin = 0 . 
In total, the Latin hypercubes for Basic , Ther-
alKinetic , ThermalKinetic _ var 
T SN , and
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hermalKinetic _ var 
T SN varf E contain N 

total 
runs = 24 , 96, 

8, and 48 simulations, respectively. Table 1 summarizes the 
roperties of these Latin hypercubes, including the parameter 
anges θ e xplor ed at each level. The level 1 ranges were
reselect ed t o ensure that the peaks of the posterior distributions
f θ fall within the hypercube domain. 13 In the training set, no
istinction is made between the simulations from level 1 and 

evel 2; the emulator is trained using simulations from both 

evels simultaneously. 
All simulations in the Latin hypercubes were run to z = 0

n (50 cMpc) 3 volumes at m7 resolution, with initial numbers 
f gas and DM particles of 376 3 and 4 × 376 3 , respectively (see
ection 2.1 for more details on the ICs). Each simulation was 
un on 128 cores and took on average ≈ 5 days 14 to reach z = 0 .
or the entire set of simulations, this translates to ≈ 3 × 10 6 
ore hours. The values of the subgrid parameters that are not
art of θ do not change between different simulations from the 
ame Latin hypercube. In Appendix A , we demonstrate that a 
50 cMpc) 3 volume is sufficient to produce a GSMF and SSMR
ithin the stellar mass range considered in the calibration, 

0 9 < M ∗/ M � < 10 11 . 3 , that are consistent with those obtained
rom simulations in larger volumes. 

As an illustration, Fig. 1 shows the Latin hypercube for 
he ThermalKinetic _ var 
T SN varf E model. The axes corre- 
pond to different hypercube parameters: m BH , seed , f kin , n H , pivot , 
nd P E , pivot . Grey and black hatched rectangles denote levels 1 
nd 2 of the h ypercube ’s domain, while light-blue triangles and
ir cles r epr esent 40 and 8 individual simulations, respectively, 
ampling the parameter space at these levels. These 48 simula- 
ions are used to train the emulators to predict the z = 0 GSMF
nd SSMR as functions of the h ypercube ’s parameters. Once 
he GSMF and SSMR emulat ors hav e been trained, w e can fit
he ThermalKinetic _ var 
T SN varf E model to the observed 

SMF and SSMR, as described in Section 3.4 , to find the best-
t ting v alues of the model parameters. The Latin hypercubes 

or the other three models – Basic , ThermalKinetic , and 

hermalKinetic _ var 
T SN – look qualitatively similar, ex- 
ept that the parameter spaces of the first two models have fewer
imensions. 

.4 Best-fit ting par ameter v alues and simulations with 

est-fitting models 

he (rounded) best-fitting values of the parameters of the 
hermalKinetic _ var 
T SN varf E model, as well as its three
implified analogues, are presented in Table 2 . For each model, 
he table lists only the values of those parameters that were opti-

ized by the emulators by fitting the model to the observational
ata. A dditionally, the table pr ovides (r ounded) 1 σ err ors on the
ar ameter v alues. Finally, we show the values of the reduced χ2 

i.e. χ2 
ν ), which quantify the goodness of fit to the observational

ata. We compute χ2 as the sum of the squared differences be- 
ween the predictions of the best-fitting model and the obser- 
3 These ranges were determined by running simulations in small cosmo- 
ogical volumes (25 3 cMpc 3 ) with much broader parameter variations. 
4 From additional t ests, w e found that decreasing the number of DM 

articles in the ICs from 4 × 376 3 to 376 3 (i.e. matching the initial number 
f g as particles) r educes the total wall-clock time to reach z = 0 by about 
0 per cent. 

a
b
m
b
a
p
i
n
o

ational data to which the model was calibrated, normalized by 
he combined uncertainties from the observations and the emula- 
or (see Section 3.4.2 ). However, since the emulator uncertainty, 
 R, emu , varies slightly between models and emulated relations, we 
dopt a fixed value of ε R, emu = 0 . 07 – the average across the four
odels and the two emulated relations (GSMF and SSMR) – for 

omputing χ2 . This normalization places all best-fitting models 
n equal footing, enabling a direct comparison of their χ2 

ν values. 
We round the best-fitting values of the model parameters to one

igit to the right of the decimal point, as we found no significant
mprovement in the accuracy of the fits when using more precise
alues. The direction of rounding – up or down – is determined 

ot only by the pr o ximity of the best-fit ting v alue to its rounded
ount erpart, but also t o ensure that the model with the rounded
alues of the subgrid parameters remains within the 68 per cent
redibility interval of the posterior (i.e. within 1 σ from the peak
f the posterior has a Gaussian form). 15 

The ThermalKinetic model appears three times in Table 2 , 
s we fit it to the observed GSMF and SSMR separately and jointly
see Section 5.1.4 ). For each model and each set of best-fitting
ar ameter v alues (differ ent r ows in Table 2 ), w e run a separat e
umerical simulation in a (50 cMpc) 3 volume, resulting in a total
f six new simulations. In these simulations, we use the rounded
est-fit ting par ameter v alues as r eported in Table 2 , e x cept that,
or convenience, the rounded value of P E , pivot /k B is specified in
cientific notation as 8 × 10 3 K cm 

−3 ( ≈ 10 3 . 903 K cm 

−3 ), rather
han as 10 3 . 9 K cm 

−3 . 

 R E S U LT S  

e begin this section by evaluating the performance of the two
implest best-fitting models to the z = 0 observed GSMF and
SMR, Basic and ThermalKinetic , focusing on their predic- 
ions for the GSMF, SSMR, and SHMR, as well as assessing the ac-
uracy of the emulat ors relativ e t o the simulations (Section 5.1 ).
e then examine the z = 0 GSMF and SSMR in the more ad-

 anced best-fit ting models, ThermalKinetic _ var 
T SN and 

hermalKinetic _ var 
T SN varf E (Section 5.2 ). N e xt, we
ompare the simulations using the four best-fitting models to 
bserv ations of v arious g alaxy pr operties not consider ed during
he emulation-based calibration (Section 5.3 ). 

After showing that the best-fitting 
hermalKinetic _ var 
T SN varf E model outperforms 

ts three counterparts with more simplified SN feedback, 
e apply it to the higher colibre resolutions, m6 and 

5 (Section 5.4 ). We discuss that, at m5 resolution, 
hermalKinetic _ var 
T SN varf E r equir es an undesirably 

ow m BH , seed . We show that to allow for a higher m BH , seed while
aintaining a good fit to the observed GSMF and SSMR, the
MNRAS 548, 1–42 (2026) 

s we found no improvement in using the more precise value; (ii) the 
est-fit ting v alue of n H , pivot in the ThermalKinetic _ var 
T SN varf E 
odel is ≈ 0 . 53 cm 

−3 , but it is rounded to 0.6 cm 

−3 instead of 0.5 cm 

−3 

ecause at the time we finalized the model paramet ers, w e w ere using 
 slightly different (older) version of the emulator training data, which 
r eferr ed 0.6 over 0.5 cm 

−3 . In practice, this difference has a negligible 
mpact, as the ThermalKinetic _ var 
T SN varf E models with both 
 H , pivot = 0 . 6 and 0 . 5 cm 

−3 lie within the 68 per cent credibility interval 
f the posterior and yield similar χ2 

ν values. 
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xed 
T AGN 

= 10 9 K in ThermalKinetic _ var 
T SN varf E 
eeds to be replaced with a variable 
T AGN 

. We then compare
he best-fitting ThermalKinetic _ var 
T SN varf E model
ith its variable 
T AGN 

modification, showing that both achieve
imilar level of agreement with the observed GSMF, SSMR, and
ther g alaxy pr operties. Consequently, w e establish the latt er as
he fiducial colibre model and demonstrate that the colibre
imulations successfully r epr oduce the observed GSMF and
SMR not only at m7 resolution but also at m6 and m5. Finally,
n Section 5.5 , we e xplor e how variations in individual subgrid
arameters, including those not optimized by the emulators,

mpact the calibrated galaxy properties in the colibre fiducial
odel at m7 resolution. 
NRAS 548, 1–42 (2026) 

y  
.1 Calibration diagnostics for Basic and 

hermalKinetic models 

.1.1 GSMF and SSMR with the best-fitting parameters 

ig. 2 shows the z = 0 GSMF and SSMR for the Basic (green)
nd ThermalKinetic (yellow) models. The dashed curves are
he best-fitting predictions of the emulators that were trained
n the Latin hypercubes and fit to the observed GSMF from
. P. Driver et al. ( 2022 ) and the observed SSMR from J. A.
ardwick et al. ( 2022 ). The solid curves are the GSMF and

SMR from the simulations that use the best-fitting parame-
er values found by the emulators (see Table 2 ). The shaded
 ellow region designat es the scatt er in the simulation with the
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hermalKinetic model: the Poisson uncertainty for the 
SMF and the 16 th to 84 th percentile scatter for the SSMR. We

hange the style of the solid curv es t o dott ed in the st ellar mass
ange wher e g alaxies become poorly r esolved ( M ∗ < 10 9 M �)
nd where the number of galaxies per bin drops below 5 (roughly
orresponding to M ∗ � 10 11 . 5 M �). The vertical solid lines indi-
ate the edges of the stellar mass interval used in the training
f the emulators: 10 8 . 8 < M ∗/ M � < 10 11 . 35 . The vertical dash–
otted lines show the mass range within which the trained emu-

at ors w ere fit t o the observational data: 10 9 < M ∗/ M � < 10 11 . 3 .
he observed GSMF from S. P. Driver et al. ( 2022 ) is shown in

he left panel as black squares, and the observed SSMR from J. A.
ardwick et al. ( 2022 ) is shown in the right panel as black circles.
he error bars in the observed GSMF indicate the Poisson uncer-

ainty, while in the observed SSMR, they show the 1 σ error on the
edian. The grey hatched region in the right panel additionally 

hows the galaxy population-wide scatter in the SSMR from J. A.
ardwick et al. ( 2022 ). 
By comparing the solid curves to the dashed curves of the same

olour, we find that the differences between the GSMF and SSMR
redicted by the emulators and r esulting fr om the simulations
r e negligibly small. Specifically, ther e ar e no systematic differ-
nces between the simulations and emulators, and the emulator 
rrors in different stellar-mass bins of the SSMR and GSMF range
etween 0 and ≈ 0 . 1 dex, which is comparable to the intrinsic
catter in simulations such as ours due to their stochastic nature
e.g. J. Borrow et al. 2023 ). 

By comparing the solid curves to the black squares in the left
anel and the black circles in the right panel, we find that the
hermalKinetic model is closer to the observational data than

he Basic model is. In particular, the Basic model severely 
nderpredicts the number of galaxies with stellar masses M ∗ � 

0 10 M � and overpredicts it at M ∗ � 10 9 . 5 M �. In fact, the shape
f the Basic model’s GSMF resembles a power -la w, which dis-
grees with the shape of the observed GSMF, which is known
o be described by a single- or double-component P. Schechter 
 1976 ) function, featuring an exponential down-turn at high stel-
ar mass. Although the ThermalKinetic model matches the 
bserv ed GSMF bett er than Basic , the discrepancy betw een its
SMF and the observed data is still significant. Moreover, both 

odels perform poorly in matching the observed galaxy sizes: the 
SMR in ThermalKinetic features a prominent dip around 

 ∗ ∼ 10 10 . 5 M �, while in the Basic model, the sizes of galaxies
ith stellar mass M ∗ � 10 9 . 5 M � are consistently lower than the

bserved relation by ≈ 0 . 1 − 0 . 2 dex. 
Overall, the combined fit to the observed GSMF and SSMR is

etter in the ThermalKinetic model than in Basic , but still
ot satisfactory, motivating a more sophisticated model. 

.1.2 Posterior distributions of the model parameters 

ig. 3 shows the posterior distributions of the parameters of the
asic (green) and ThermalKinetic (yellow) models result- 

ng from fitting the emulators to the observed GSMF and SSMR,
s explained in Section 3.4 . The three contours of the same colour
ignify the 34, 68, and 95 per cent credibility levels of the poste-
ior. Additionally, we show one-dimensional projections of the 
osterior distribution for each subgrid parameter. Because the 
asic model does not include the kinetic channel of SN feed-
ack, this model is not displayed in the bottom r ow wher e the
alues of the kinetic feedback-related parameter, f kin , are plotted. 
MNRAS 548, 1–42 (2026) 
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First, w e observ e that the regions of parameter space e xplor ed
y the Latin hypercubes encompass the peaks of the posterior
istribution in the two models, covering it by more than ±2 σ
the 95 per cent credibility levels). This is reassuring in that it
mplies our results are not driven by the boundaries of the chosen
rior. Secondly, both models prefer a value of the dimensionless
N energy parameter f E of order unity, implying that a single
C SN releases ∼ 10 51 erg of energy, which is consistent with

tandar d theor etical e xpectations. Thir d, the best-fitting Ther-
alKinetic model has a BH seed mass of m BH , seed ≈ 10 4 . 7 M �,
hereas for the Basic model, m BH , seed is nearly an order of 
agnitude lower, m BH , seed ≈ 10 4 . 0 M �. This is likely because the

rescription for SN feedback in the Basic model is too simplistic,
uch that the model’s only way t o improv e agreement with the ob-
erved GSMF at the massive end – without worsening the match
t the low-mass end even more – is to reduce the strength of AGN
eedback. The AGN feedback is suppressed by lowering m BH , seed ,
s there is no other AGN feedback-related parameter available for
uning in the Basic model. Fourth, the posterior of the Ther-
alKinetic model peaks at the kinetic energy fraction in SN

eedback of f kin ≈ 0 . 3 , indicating the importance of SN kinetic
eedback in bringing this model closer to the observational data. 

Finally, in the legend next to the names of the models, we show
he χ2 

ν value of their fits to the observational data, which is 9.3 for
NRAS 548, 1–42 (2026) 

he Basic model and 4.7 for ThermalKinetic . These values w  
re in line with our conclusions from Fig. 2 : that the Ther-
alKinetic model outperforms the Basic model, but neither
odel is a good fit to the data. 

.1.3 The effect of changing the model parameters 

ig. 4 shows the z = 0 st ellar-t o-halo mass relation for central
ubhaloes in the ThermalKinetic model. As discussed in Sec-
ion 3.2 , we do not fit the emulator to the SHMR because it is not
ir ectly observed. Her e w e only use the SHMR t o predict how
arying the model parameters affects the galaxy stellar mass at
xed halo mass. Displaying the SHMR as opposed to the GSMF
akes it easier to visually distinguish the impact of different

ubgrid parameters because, compared to the GSMF, the SHMR
aries over a smaller dynamical range and includes a character-
stic change in the sign of the slope of the relation. 

In each panel of Fig . 4 , differ ently colour ed solid curves cor-
espond to different SHMRs predicted by the emulator in which
wo of the three model parameters are fixed to their best-fitting
alues, and the remaining parameter is varied. The BH seed mass
s varied in the left panel, the SN energy in the middle panel,
nd the fraction of SN energy injected in kinetic form in the right
anel. In addition, in the middle panel, we display the SHMR pre-
icted by the emulator of the Basic model and how it changes
ith f E (thin dott ed curv es in different colours). The only other
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contours of each colour indicate 34, 68, and 95 per cent credibility levels. 
The vertical and horizontal dotted lines indicate the best-fitting values of 
the model parameters, corresponding to the maximum of the posterior. 

p  

v  

P  

r

m
(  

B
a
o  

F  

d
T  

m
t  

a  

s  

e  

S  

i
 

e  

r
I
S
s
z  

e
f  

s  

1

m

s
v
f  

p
e  

s  

u

s  

p
c  

o  

m  

e  

m  

F  

fi  

h
t  

t
i  

c
e  

u  

i
t  

c
t  

s

5
s

T  

t
t  

o
h  

l

f
t
G  

(  

o  

w
t
fi

 

t  

A  

w  

t  

w  

l  

e  

w
t  

D
ow

nloaded from
 https://academ

ic.oup.com
/m

nras/article/548/1/stag300/8650960 by guest on 05 M
ay 2026
arameter of the Basic model, m BH , seed is equal to its best-fitting
alue, 10 4 . 0 M �. The SHMR from the semi-empirical models of B.
. Moster et al. ( 2018 ) and P. Behroozi et al. ( 2019 ) are shown for
 efer ence only (black points). 

First, by examining the left panel, we find that, as expected, 
 BH , seed predominantly affects the stellar mass of massive haloes 

 M halo � 10 11 . 5 M �). In lower mass haloes ( M halo � 10 11 . 5 M �),
Hs grow less efficiently, resulting in a lack of AGN feedback 

nd, consequently, a much weaker dependence of the SHMR 

n m BH , seed , unless m BH , seed is very high ( m BH , seed � 10 5 . 5 M �).
urthermore, w e observ e that the value of the BH seed mass
etermines the halo mass at which the SHMR reaches its peak. 
he curve with m BH , seed = 10 4 . 8 M �, which is the value nearest to
 BH , seed ≈ 10 4 . 7 M � in the best-fitting ThermalKinetic model 

o the GSMF and SSMR, yields an SHMR that is closest in shape
nd normalization to the SHMR inferred from the data by the
emi-empirical models of B. P. Moster et al. ( 2018 ) and P. Behroozi
t al. ( 2019 ). This is expected, since constraints on the GSMF and
HMR ar e corr elat ed: fitting the model t o either relation should
mprove the agreement with the other. 

We next move to the middle panel of Fig. 4 , which shows the
ffect of varying f E . Unlike the left panel, here we display the
esults for both the ThermalKinetic and Basic models. 16 

n essence, increasing (decreasing) f E moves the bulk of the 
HMR down (up) in both models, as the SN feedback becomes 
tronger (weaker), leading to less (more) stellar mass formed by 
 = 0 . Crucially, in the Basic model, the shape of the SHMR
xhibits minimal dependence on f E , which renders it impossible 
or this model to match the SHMR of the semi-empirical models
olely by adjusting f E . Setting f E to 2 or 3 to achieve realistic
6 Note that the ranges over which f E is varied are different for the two 
odels. 

w
A  

e  

a

t ellar-t o-halo mass ratios at M halo ∼ 10 11 M � (pink through 

iolet dott ed curv es) while simultaneously low ering m BH , seed 
rom its best-fit ting v alue of ≈ 10 4 . 0 M � to bet t er mat ch the
eak of the SHMR of the semi-empirical models, cannot help 

ither because doing so will either result in e x cessively high
tellar masses for the most massive haloes ( M halo � 10 13 M �) or
ndershoot the peak of the SHMR. 
The agreement with the semi-empirical models’ SHMRs is 

tr ongly impr oved in the ThermalKinetic model, which e x-
loits the kinetic channel of SN feedback with low-energy kicks, 
orresponding to the kick velocity of 50 km s −1 . The right panel
f the figure shows that incr easing f kin r educes the g alaxy stellar
ass at low M halo and increases it at high M halo , thereby steep-

ning the slope of the SHMR. This helps the ThermalKinetic
odel obtain a better fit to the observed GSMF, as we have seen in

ig . 2 , and corr espondingly, to the SHMR, as is seen in the current
gure. Such a behaviour of the SHMR with f kin can be expected:
igher f kin implies that more SN energy is injected kinetically 

hr ough numer ous 50 km s −1 kicks and that less energy is dis-
ributed thermally via large, rare energy injections correspond- 
ng to a gas temperature increase of 
T SN 

= 10 7 . 5 K . The kinetic
hannel is especially efficient in low-mass galaxies, in which the 
scape velocity is comparable to or lower than the kick velocity
sed by the kinetic channel. At the same time, the kinetic channel

s t oo w eak t o push the gas out of more massive objects because of 
heir deeper gravitational pot ential w ells. Conv ersely, the thermal
hannel can drive vigorous outflows in galaxies as massive as 
he Milky Way (E. Chaikin et al. 2023 ) but is hindered by poor
ampling in low-mass objects (see Section 2.2.5 ). 

.1.4 Fitting to the observed GSMF and SSMR separately and 

imultaneously 

he best-fitting models that we have discussed so far fit simul-
aneously the observed GSMF and SSMR. We now investigate 
he effect of fitting the models separately to either the GSMF
r the SSMR. Mathematically, this means setting the log likeli- 
ood function in equation ( 15 ), ln L ( θ) , to either ln L GSMF ( θ) or

n L SSMR ( θ) , instead of the sum of the two. 
Fig. 5 compares the Thermalkinetic model with three dif- 

erent sets of the best-fitting parameters, obtained from fitting 
he emulator to three different sets of observational data: the 
SMF (purple), the SSMR (brown), or both the GSMF and SSMR

y ellow). The dashed curv es indicat e the best-fitting predictions
f the emulators and the solid curves correspond to simulations
ith the best-fitting parameters. The shaded yellow region shows 

he 1 σ scatter in the simulation whose model was simultaneously 
t to the GSMF and SSMR. 
The left panel shows the z = 0 GSMF, the middle panel shows

he z = 0 SSMR, and the right panel shows the z = 0 SHMR.
s in Fig. 2 , the solid lines become dotted in the mass range
her e g alaxies ar e poorly r esolved ( M ∗ < 10 9 M �) and wher e

he number of galaxies per bin drops below 5. In the right panel,
hich plots the halo mass instead of stellar mass, the mass be-

ow which the solid lines turn to dotted is M halo = 10 11 M �. In
ach panel, the vertical solid lines indicate the mass range within
hich the emulators were trained on the Latin hypercubes, while 

he v ertical dash–dott ed lines, if present, specify the mass range
here the trained emulators were fit to the observational data. 
s in the previous figures, the comparison data from B. P. Moster

t al. ( 2018 ), P. Behroozi et al. ( 2019 ), J. A. Hardwick et al. ( 2022 ),
nd S. P. Driver et al. ( 2022 ) are displayed as black points. 
MNRAS 548, 1–42 (2026) 
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Examining the left and middle panels of Fig. 5 , we see that
he ThermalKinetic model with the best-fitting parameters 

at ches the observ ed GSMF (SSMR) w ell if it is fit t o the GSMF
SSMR) alone. This, how ev er, comes at the expense of a poor fit
o the other observed relation, which was left out of the fitting. In
ontr ast, fit ting the model to both the GSMF and SSMR at the
ame time forces the emulat or t o find a compromise solution.
n this case, the best-fitting model provides a mediocre match to
he observed GSMF while also being less far off from (but still
ot close to) the observed SSMR. We conclude that although the
hermalKinetic model can match either of the two observed 

elations well, the model is too limited to be able to r epr oduce
oth relations at the same time. To succeed in doing so, a more
omplex model is required. 

The right panel of Fig. 5 , which shows the SHMR, confirms
hat w e hav e seen in the left panel, but the differences between

he different cases appear more striking. The galaxies in the 
hermalKinetic model fit to the SSMR follow a nearly flat 
HMR, which is clearly wr ong . The two other cases, in which
he observed GSMF was used as a constraint to the model, have
HMRs whose shape resembles that in B. P. Moster et al. ( 2018 )
nd P. Behroozi et al. ( 2019 ). Interestingly, the model that is
onstrained only by the GSMF produces an SHMR whose peak 

s ≈ 0 . 1 dex higher than in the two semi-empirical models. 
Similar to Fig. 2 , for all cases of observational constraints and

or all emulated relations shown in Fig. 5 , the simulations closely
ollow the predictions of the emulators, thereby validating our 
mulator-based approach. 

Fig. 6 shows the posterior distributions of the subgrid param- 
ters for the ThermalKinetic model after fitting the emulator 
 o the observ ed GSMF (purple), t o the observ ed SSMR (brown),
r to both (yellow). The three contours of each colour indicate 
he 34, 68, and 95 per cent cr edibility r egions of the posterior
istributions. In the legend, w e quot e the values of χ2 

ν for each fit.
itting to either the GSMF or SSMR yields a χ2 

ν of order unity or
ess, indicating that the model is a good fit to the data or slightly
v erfits them, giv en the emulat or uncertainties. In contrast, fit-
ing simultaneously to the GSMF and SSMR yields a χ2 

ν of 4.7, 
ndicating the model lacks the necessary complexity to match 

oth observed relations simultaneously. 
Examining the peaks of the posterior distributions reveals that, 

n each case, the models calibrat ed t o only the GSMF or only the
SMR occupy different regions of parameter space. Specifically, 
he model best-fitting the SSMR (brown) prefers a BH seed mass
f m BH , seed ≈ 10 4 . 3 M �, an SN energy per event of f E ≈ 1 . 0 , and
o kinetic SN feedback ( f kin ≈ 0 ). In contrast, the model best-
tting the GSMF (purple) yields m BH , seed ≈ 10 4 . 8 M �, f E ≈ 1 . 3 ,
nd f kin ≈ 0 . 6 . The best-fitting parameter m BH , seed ( f E ) of the
odel calibrated to both the GSMF and SSMR is close to that of 

he model calibrated only to the GSMF (SSMR), while the value 
f f kin lies in between the two, at f kin ≈ 0 . 3 . 

.2 Calibration diagnostics for 
hermalKinetic _ var �T SN and 

hermalKinetic _ var �T SN varf E models 

aving learned that neither the Basic model nor the 
hermalKinetic model can simultaneously fit the 
bserved GSMF and SSMR, we turn our attention to the 
or e comple x models: ThermalKinetic _ var 
T SN and 

hermalKinetic _ var 
T varf . 
SN E 
.2.1 Galaxy stellar mass function and galaxy sizes 

ig. 7 shows the GSMF and SSMR at z = 0 for the best-
tting ThermalKinetic _ var 
T SN (navy-blue) and 

hermalKinetic _ var 
T SN varf E (light-blue) models. 
he different symbols and line styles have the same meaning as

n Fig. 2 . 
It is evident that both the ThermalKinetic _ var 
T SN 

nd ThermalKinetic _ var 
T SN varf E models outperform 

he Basic and ThermalKinetic models, whose GSMF 

nd SSMR were shown in Fig. 2 . The GSMF in the
hermalKinetic _ var 
T SN model agrees with the observed 

SMF for M ∗ � 10 9 . 5 M �, overshoots it by up to ≈ 0 . 15 dex
n the range 10 9 . 5 � M ∗/ M � � 10 10 . 5 , and undershoots it
y up to ≈ 0 . 25 dex at higher M ∗. The best performance is
chieved for the ThermalKinetic _ var 
T SN varf E model 
hose GSMF closely follows the observed GSMF across more 

han 4 dex in M ∗, with deviations within the fitting range
 10 9 < M ∗/ M � < 10 11 . 3 ) remaining within ≈ 0 . 1 dex. 

The agreement between the SSMR in the 
hermalKinetic _ var 
T SN model and the observed 

ata is less satisfactory than for the GSMF. Similar to 
he ThermalKinetic model shown in Fig. 2 , the 
hermalKinetic _ var 
T SN model overshoots the observed 

izes of galaxies with M ∗ � 10 9 . 5 M � and exhibits a dip in
he SSMR at M ∗ ≈ 2 × 10 10 M � – albeit less pronounced than 

hermalKinetic – which is not present in the observed 

elation. In contrast, this dip is absent in the SSMR of the
hermalKinetic _ var 
T SN varf E model, which closely 
MNRAS 548, 1–42 (2026) 
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Figur e 7. As Fig . 2 but showing the z = 0 GSMF ( left ) and median SSMR ( right ) for the ThermalKinetic _ var 
T SN (navy-blue) and 
ThermalKinetic _ var 
T SN varf E (light-blue) models. While the ThermalKinetic _ var 
T SN model shows only reasonably good agreement with 
the observed GSMF and disagrees in shape with the observed SSMR at M ∗ � 10 10 . 5 M �, the ThermalKinetic _ var 
T SN varf E model successfully 
r epr oduces both observational constraints across the entire fitting range ( 10 9 < M ∗/ M � < 10 11 . 3 ). 
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ollows the observed SSMR for all stellar masses in the fitting
ange, 10 9 < M ∗/ M � < 10 11 . 3 , r epr oducing both the median
alaxy half-mass size and its scatter at fixed M ∗. For stellar masses
 ∗ < 10 9 M �, where the models are not fit to observational data,

he median half-mass radius does not drop below 2 kpc in either
odel. This ‘floor’ likely arises due to the relatively low numerical

esolution of the simulations: at m7 resolution, a galaxy with a
tellar mass 10 9 M � is sampled with only ∼ 100 stellar particles. 

To sum up, among the four considered models –
asic , ThermalKinetic , ThermalKinetic _ var 
T SN ,
nd ThermalKinetic _ var 
T SN varf E –
hermalKinetic _ var 
T SN varf E is the only model that
imultaneously r epr oduces both the observed GSMF and SSMR.
urthermor e, as in pr evious figur es that showed r esults fr om
mulators and simulations for the same model parameters, Fig. 7
onfirms that the emulator errors are negligibly small. 

.2.2 Posterior distributions of the model parameters 

ig. 8 displays the posterior distribution of the param-
ters in ThermalKinetic _ var 
T SN (navy-blue) and
hermalKinetic _ var 
T SN varf E (light-blue) after each
odel was fit to both the observed GSMF and SSMR. Because

ne of the four parameters from ThermalKinetic _ var 
T SN 
oes not exist in ThermalKinetic _ var 
T SN varf E ,
nd vice v ersa, w e plot the unique parameters of the two
odels in the bottom row of the figure at the same time:

f E for ThermalKinetic _ var 
T SN and P E , pivot (in log) for
hermalKinetic _ var 
T SN varf E . We show the same range
f values for both parameters but attach two different labels to
NRAS 548, 1–42 (2026) 
he panel axes, which for clarity are shown in the colours of the
orresponding models (navy-blue and light-blue). 

The ThermalKinetic _ var 
T SN model prefers
 BH seed mass of ≈ 10 4 . 6 M �, while the
hermalKinetic _ var 
T SN varf E model favours a slightly
igher value of m BH , seed ≈ 10 4 . 8 M �. The fraction of SN energy

njected in kinetic form is close to 10 per cent in both models,
hich is lower than the f kin ≈ 0 . 3 in the ThermalKinetic
odel calibrated to the same observational data. This is

ik ely because, unlik e in ThermalKinetic , the heating
emperature 
T SN 

in ThermalKinetic _ var 
T SN and
hermalKinetic _ var 
T SN varf E can vary between 10 6 . 5 
nd 10 7 . 5 K . Thermal SN feedback with low 
T SN 

can r epr oduce
ome of the effects of kinetic feedback with low 
v kick , reducing
he need for a high f kin . How ev er, the thermal feedback cannot
eplace kinetic feedback completely because for low 
T SN 

nd/or in high-density gas, radiative energy losses will inevitably
ecome high, rendering the thermal feedback inefficient. 

In both models, the best-fit ting v alue of the pivot density in
he SN thermal feedback with a variable heating temperature is
 SN , pivot ≈ 0 . 5 cm 

−3 , with ThermalKinetic _ var 
T SN varf E 
 ThermalKinetic _ var 
T SN ) favouring slightly higher
lower) v alues. A t 
T SN 

= 
T SN , pivot = 10 6 . 5 K , n SN , pivot =
 . 5 cm 

−3 corresponds to the C. Dalla Vecchia & J. Schaye
 2012 ) critical density for f t ≈ 2 . 5 (see equation 6 ). The best-
t ting v alue of f E in the ThermalKinetic _ var 
T SN model is
1 . 3 , which is slightly higher than in the ThermalKinetic
odel ( f E ≈ 1 . 0 ). The increase in f E likely originates from the

act that the average 
T SN 

in ThermalKinetic _ var 
T SN is
ower than 10 7 . 5 K, which results in weaker SN thermal feedback
ompared to ThermalKinetic , as more energy is radiated
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pivot density in SN thermal feedback, n SN , pivot , are similar in both models: f kin ≈ 0 . 1 and n H , pivot ≈ 0 . 5 cm 

−3 . In the bott om row, w e show the parameters 
that are unique to each model: f E for ThermalKinetic _ var 
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T SN varf E ; their best-fitting values 
ar e appr o ximately 1.3 and 10 3 . 9 K cm 

−3 , r espectively. 
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17 We note that, as described in Section 2.2.3 , colibre computes the en- 
ergy in CC SN feedback per stellar particle by integrating the G. Chabrier 
( 2003 ) IMF from m min , CCSN = 8 M � to m max, CCSN = 100 M �, whereas 
eagle used a lower integration limit of m min , CCSN = 6 M �. As a result, 
f = 1 . 8 in colibre corresponds to f ≈ 1 . 2 in eagle . 

D
ow

nloaded from
 https://academ

ic.oup.com
/m

nras/article/548/1/stag300/8650960 by guest on 05 M
ay 2026
way due to the enhanced radiative cooling rates of gas heated 

 o low er 
T SN 

. To compensat e for the w eaker SN feedback, the
nergy per SN in units of 10 51 erg is increased from ≈ 1 . 0 to 1.3. 

The best-fitting value of the pivot birth pr essur e in the
hermalKinetic _ var 
T SN varf E model is P E , pivot /k B ≈
0 3 . 9 K cm 

−3 , which is close to the median stellar birth pr essur e
n the simulation with this best-fitting model: ≈ 10 3 . 75 K cm 

−3 . 
ubstituting this median value into equation ( 2 ), along with
he other model parameters that were not considered in 

he calibration ( f E , min = 0 . 1 , f E , max = 4 , and σP = 0 . 3 ), we
btain an SN energy at the median stellar birth pr essur e of 
f E (P birth /k B = 10 3 . 75 K cm 

−3 ) ≈ 1 . 6 . The value of f E averaged over
ll stellar particles formed in the simulation is slightly higher 17 :
MNRAS 548, 1–42 (2026) 
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 f E 〉 ≈ 1 . 8 . Both of these values of f E are comparable to the
est-fit ting (constant) v alue in ThermalKinetic _ var 
T SN ,

f E = 1 . 3 , indicating that both models favour an (average) SN
eedback energy slightly higher than the theoretical expectation,
f E = 1 , corr esponding to 10 51 erg . In Appendix B , we pr ovide
urther details on f E , including the redshift evolution of the

edian values of f E and P birth as measured in the simulation using
he best-fitting ThermalKinetic _ var 
T SN varf E model. 

The legend of Fig. 8 lists the χ2 
ν values for the fits to the ob-

ervational data: 2.9 for the ThermalKinetic _ var 
T SN model
nd 0.8 for ThermalKinetic _ var 
T SN varf E . This confirms
hat both models outperform the Basic and ThermalKi-
etic models, with ThermalKinetic _ var 
T SN varf E pro-
iding the best mat ch t o the GSMF and SSMR. We will use these
esults in Section 5.4 to define the fiducial colibre model at m7
nd higher resolutions. 

Lastly, w e not e that based on isolat ed galaxy simulations at
uch higher resolution ( m gas = 10 5 M �), E. Chaikin et al. ( 2023 )

ound that f kin ≈ 0 . 1 (together with the kick velocity of 
v kick =
0 km s −1 ) allows r epr oducing the r elation between spatially r e-
olved H i velocity dispersion and the galaxy SFR surface density,
s well as the observed spatially-resolved KS star-formation law
C. J. Kennicutt Robert C. et al. 2007 ). The latter was confirmed by
. S. J. Nobels et al. ( 2024 ), who showed that the observed KS rela-
ion is r epr oduced for the range of mass resolutions from m gas =
 . 25 × 10 4 to 5 . 12 × 10 7 M �. These findings ar e r eassuring given
hat the ThermalKinetic _ var 
T SN varf E best-fitting model
refers f kin ≈ 0 . 1 . 
NRAS 548, 1–42 (2026) 
.3 Predictions for galaxy properties that were not 
ncluded in emulator-based calibration 

n this section, we e xplor e simulation pr edictions for g alaxy
roperties that have not been previously discussed and
her efor e wer e not included in the emulator-based calibration
f the model parameters. The following figures present
he results for the four best-fitting models, Basic ,
hermalKinetic , ThermalKinetic _ var 
T SN , and
hermalKinetic _ var 
T SN varf E , which have all been
t to both the observed GSMF and SSMR. We show only the
 esults fr om the simulations, as the emulators were constructed
 x clusively for the z = 0 GSMF, SSMR, and SHMR. 

.3.1 Star formation rates and quenched fraction 

ig. 9 displays the specific star formation rat es (sSFR) of activ e
alaxies, the fraction of quenched galaxies, and the BH masses.
ll r elations ar e shown at z = 0 and plott ed v ersus galaxy st ellar
ass. All quantities are measured within 3D spherical apertures

f radius 50 pkpc, and galaxy SFRs are computed using the
nstantaneous SFRs of gas particles. In a given stellar mass bin,
e show the median sSFR and the median (subgrid) mass of the
Hs. If a subhalo contains multiple BH particles, then the mass
f the most massive BH is used t o comput e the median. We define
 galaxy as ‘active’ if its instantaneous sSFR exceeds 10 −2 Gyr −1 

e.g. A. R. Wetzel, J. L. Tinker & C. Conroy 2012 ); otherwise, it is
onsidered quenched. The solid curv es giv e the results from the
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imulations with the four best-fitting models: Basic (green), 
hermalKinetic (yellow), ThermalKinetic _ var 
T SN 

navy-blue) and ThermalKinetic _ var 
T SN varf E (light- 
lue). The shaded light-blue r egion r epr esents the uncertainty in
he ThermalKinetic _ var 
T SN varf E model, computed as 
he 16 th to 84 th percentiles for the relations between sSFR and M ∗
nd between BH mass and M ∗, and using the Clopper-Pearson
nterval at the 68 per cent confidence level for the quenched 

raction – M ∗ relation. 
For comparison, we use the sSFR–stellar mass relations for 

tar-forming g alaxies fr om A. E. Bauer et al. ( 2013 ), Y .-Y . Chang
t al. ( 2015 ), and F. Belfiore et al. ( 2018 ). The relation from A. E.
auer et al. ( 2013 ) is based on ∼ 10 5 g alaxies fr om G AMA DR1 (S.
. Driver et al. 2011 ) within the redshift range 0 . 05 < z < 0 . 32 ,
her e g alaxies wer e classified as star-forming based on the flux

nd equivalent width of the H α line. Y .-Y . Chang et al. ( 2015 )
sed ∼ 10 6 SDSS galaxies with z < 0 . 2 , combined with four-band
ISE photometry (E. L. Wright et al. 2010 ), and identified star-

orming galaxies using colour–colour diagram cuts. Finally, the 
 elation fr om F. Belfior e et al. ( 2018 ) is based on ∼ 10 4 g alaxies at
 . 01 < z < 0 . 15 from the MaNGA survey (K. Bundy et al. 2014 ),
here star-forming galaxies were classified using the Baldwin–
hillips–Terlevich diagram (J. A. Baldwin, M. M. Phillips & R. 
erlevich 1981 ). For all three datasets, the y values represent
he median sSFR, and the error bars indicate the 1 σ scatter. For
uenched fractions, we use z ≈ 0 . 1 data fr om G AMA DR1 pr e-
ented by A. E. Bauer et al. ( 2013 ), which were re-calculated by P.
ehroozi et al. ( 2019 ) using our threshold for quiescent galaxies of 
SFR < 10 −2 Gyr −1 , as well as data from A. Muzzin et al. ( 2013 )
t 0 . 2 < z < 0 . 5 , based on the C OSMOS/UltraVIS TA g alaxy cat-
logue, where quiescent galaxies were defined using UVJ colour 
election. For the BSMR, we adopt the measurements 18 from A. 
. Graham & N. Sahu ( 2023 ), whose sample is subdivided by
orphological type: E, ES/S0, and S (shown with different black 

ymbols as indicated in the legend). Where necessary, we correct 
or differences in the assumed stellar IMF by converting all data 
o the G. Chabrier ( 2003 ) IMF. 

Ov erall, the agreement betw een the simulations and compari- 
on data improves with increasing model complexity. First, the 
asic and ThermalKinetic models predict a z = 0 sSFR–
tellar mass relation with an unrealistically flat shape, offset by 
ore than 0.4 dex toward lower values at low and int ermediat e

tellar masses ( M ∗ � 10 10 . 5 M �) compared to observed trends.
he fraction of quenched galaxies at similar stellar masses is sig-
ificantly ov erestimat ed. This discrepancy in both models arises 

rom the use of a constant heating temperature for SN thermal
eedback, 
T SN 

= 10 7 . 5 K, which results in excessively large en-
rgy injections from (clustered) SNe. By z = 0 , this ov erly pow er-
ul SN feedback in low- and int ermediat e-mass galaxies has likely
isrupt ed, heat ed, and/or eject ed most of the cold gas that would
therwise contribute to star formation, leading to lower sSFRs 
nd higher quenched fractions at fixed M ∗. 

Swit ching t o a density-dependent heating t em- 
erature in the ThermalKinetic _ var 
T SN and 

hermalKinetic _ var 
T SN varf E models significantly 
mpr oves agr eement with the data. Both models r epr oduce the
bserved quenched fraction for galaxies with stellar masses 
8 Following the erratum A. W. Graham & N. Sahu ( 2024 ), we applied a 
0 . 15 dex correction to the stellar masses from A. W. Graham & N. Sahu 

 2023 ). 
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z  
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2  
 ∗ � 10 9 . 5 M � and the sSFRs of active galaxies for M ∗ � 10 9 M �,
ith ThermalKinetic _ var 
T SN varf E exhibiting slightly 
etter agreement for M ∗ ∼ 10 9 M �. At lower stellar masses 
 M ∗ � 10 9 M �, corresponding to � 100 stellar particles), all four

odels show an increasing quenched fraction with decreasing 
tellar mass, which is likely driven by resolution effects. At m7
esolution, the ISM of such low-mass galaxies is sampled by 
nly a few star-forming gas particles, if any, which makes them
ppear more quenched on average (e.g. J. Schaye et al. 2015 ),
esulting in lower median sSFRs and higher quenched fraction at 
 ∗ � 10 9 M �. In contrast, in the same mass range, the observed

uenched fraction may be biased low due to selection effects, 
hich are known to become progressively more important at 

ower M ∗ (e.g. S. Kaviraj et al. 2025 ). 
Focusing on the right panel, we find that in all four models,

alaxies with stellar masses M ∗ � 10 10 . 5 M � host SMBHs that 
ave grown to masses � 10 7 M �. The masses of these BHs fol-

ow a tight relation with the host galaxy’s stellar mass, with a
lope and normalization that closely match the observed scaling 
rom A. W. Graham & N. Sahu ( 2023 ). The agreement with the
bservational data is expected, as the AGN feedback coupling 
fficiency, ε f = 0 . 1 (see equation 12 ), which determines the nor-
alization of the BSMR, was chosen to produce realistic z = 0

MBH masses in the high-mass galaxies for which BH masses 
an be measured observ ationally. The v alue of ε f w as set inde-
endently of the emulator-based calibration of SN and AGN feed- 
ack to the observed GSMF and SSMR. Due to the self-regulating
ature of SMBHs, variations in ε f primarily influence SMBH 

asses, while having little to no effect on other galaxy proper-
ies such as the GSMF and SSMR (e.g. C. M. Booth & J. Schaye
009 ). 

We do not observe any large differences between the models, 
hich is expected since all models use the same numerical 
r escription for BH gr owth and AGN feedback. The only
GN-relat ed paramet er that differs between the models is the
est-fit ting v alue of the BH seed mass, m BH , seed . Among the four
odels, the Basic model uses the lowest seed mass, while the
hermalKinetic _ var 
T SN varf E model adopts the highest. 
 higher (lower) m BH , seed results in somewhat fast er (slow er) BH
rowth in the latter (former) model, lasting until the BH enters
he self-regulating regime where AGN feedback overtakes stellar 
eedback. As a consequence, at M ∗ � 10 10 . 5 M �, the median
H mass in the ThermalKinetic _ var 
T SN varf E model is
igher than in the Basic model, whereas at M ∗ � 10 10 . 5 M �

he two relations converge. The BH masses in the other two
odels, ThermalKinetic and ThermalKinetic _ var 
T SN , 

all between those in Basic and ThermalKinetic _ 
ar 
T SN varf E . 

.3.2 Cosmic star formation rate density 

ig. 10 displays the redshift evolution of the cosmic star for-
ation rate density (SFRD), using the same four models as in

ig. 9 . The SFRD is computed from the instantaneous SFRs of 
ll star-forming gas particles in the simulations. For compari- 
on, we include the z ∼ 0 FUV-based SFRD estimate from S. P.
river et al. ( 2012 ), derived from the GAMA DR1, as well as

adio-based SFRD estimates from the LOFAR Deep Fields at 0 <
 < 4 (R. K. Cochrane et al. 2023 ), and rest-frame FIR observa-
ions collected with ALMA at z ≈ 4 . 5 − 5 . 5 (Y. Khusanova et al.
021 ). We also show r esults fr om the ALPINE multi- w avelength
MNRAS 548, 1–42 (2026) 
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Figure 10. Cosmic SFRD versus redshift from the simulations 
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T SN , and 
ThermalKinetic _ var 
T SN varf E (differ ently colour ed solid 
curves). For comparison, the black points show a compilation of 
observational data from S. P. Driver et al. ( 2012 ), M. Novak et al. ( 2017 ), 
C. Gruppioni et al. ( 2020 ), Y. Khusanova et al. ( 2021 ), A. Enia et al. ( 2022 ), 
R. K. Cochrane et al. ( 2023 ), R. Bouwens et al. ( 2023 ), Y. Harikane et al. 
( 2023 ), C. T. Donnan et al. ( 2024 ), A. Covelo-Paz et al. ( 2025 ), S. Fu et al. 
( 2025 ), the grey hatched regions indicate the intrinsic (labelled as ‘true’) 
and observed SRFD from the UniverseMachine (P. Behroozi et al. 
2019 ), and the black dashed curve shows the best-fitting observed SFRD 

from P. Madau & M. Dickinson ( 2014 ). The use of a variable heating 
temperature in the SN feedback of the ThermalKinetic _ var 
T SN 
and ThermalKinetic _ var 
T SN varf E models greatly 
impr oves the agr eement with the comparison data at z < 1 . The 
inclusion of a stellar birth pr essur e-dependent SN energy in the 
ThermalKinetic _ var 
T SN varf E model results in a lower SFRD at 
z > 2 , thereby further improving the agreement with the comparison 
data. 
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19 Unlike the other four studies, R. Bouwens et al. ( 2023 ) used a limit of 
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urvey, based on 56 sub-mm continuum detections by ALMA in
he ECDFS and COSMOS fields at 0 . 5 < z < 6 (C. Gruppioni
t al. 2020 ), deep VLA COSMOS radio data at 0 . 3 < z < 5 (M.
ovak et al. 2017 ), and VLA radio measur ements fr om a subsam-
le of the GOODS-N survey at 0 . 1 < z < 3 (A. Enia et al. 2022 ).
n addition, we include the best-fitting analytic fit for the SFRD
volution from P. Madau & M. Dickinson ( 2014 , black dashed
urv e), deriv ed from a compilation of IR and UV data across
 < z < 8 , as well as predictions from the semi-empirical model
niverseMachine (P. Behroozi et al. 2019 ), showing both the

true’ and ‘observed’ SFRDs (grey hatched r egions), wher e the
atter accounts for systematic uncertainties in observationally in-
erred SFRs and the former is based on intrinsic SFR values pre-
icted by UniverseMachine . Finally, we show a compilation of 
NRAS 548, 1–42 (2026) 
 ecent JWST measur ements at high r edshifts ( 4 < z < 18 ) from
. Bouwens et al. ( 2023 ), Y. Harikane et al. ( 2023 ), C. T. Donnan
t al. ( 2024 ), A. Covelo-Paz et al. ( 2025 ), and S. Fu et al. ( 2025 ),
hich are based on UV or H α observations and whose SFRD

alues are calculated down to an absolute UV magnitude limit
f ≈ −17 mag. 19 

The Basic and ThermalKinetic models predict signifi-
antly lower SFRD normalization than observed for z < 1 , un-
erpredicting the observed SFRD by ≈ 0 . 5 dex, which is consis-
ent with both models having too low sSFR at z = 0 in Fig. 9 . As
s the case with the sSFR, the suppression in the SFRD at low
 edshifts is r elat ed t o the high (constant) heating t emperature
sed in SN thermal feedback: 
T SN 

= 10 7 . 5 K . Conversely, the
FRD in the other two models, ThermalKinetic _ var 
T SN 
nd ThermalKinetic _ var 
T SN varf E , which incorporate
he variable heating t emperature, mat ches the z � 1 observed
FRD much better, with ThermalKinetic _ var 
T SN varf E 
redicting a z = 0 SFRD of ≈ 10 −2 M � yr −1 cMpc −3 and showing
he best agreement with the data. 

At high redshifts ( z � 1 ), the SFRD in the Basic , Ther-
alKinetic , and ThermalKinetic _ var 
T SN models rises
teeply with increasing redshift, peaking at 3 < z < 5 . The fact
hat these models predict a peak SFRD at higher redshifts than
bserved ( z ≈ 2 ) suggests that high −z star formation in these
odels may be overly efficient. Since all four models were cal-

brat ed t o mat ch the observ ed GSMF (and SSMR) at z = 0 , an
 x cess in the early SFRD necessitates a suppressed SFRD at later
imes to ensure that the correct total stellar mass is formed by
 = 0 . 

The agreement with the data is noticeably improved in
he ThermalKinetic _ var 
T SN varf E model, where the
mount of stellar mass formed before z = 3 is significantly
 educed compar ed to the other models. The SFRD in the
hermalKinetic _ var 
T SN varf E model exhibits a broad
eak between z = 4 and 1 and starts steeply declining with
osmic time only thereafter. This improvement is caused
y the dependence of the SN energy on the stellar birth
r essur e (see equation 2 ), which is incorporated only into
he ThermalKinetic _ var 
T SN varf E model. Specifically,
he SN feedback in the ThermalKinetic _ var 
T SN varf E 
s more energetic at higher redshifts, as the star formation at
igh z proceeds on average in higher g as-pr essur e envir onments
see Appendix B for further details). Releasing more SN energy
t high z not only reduces the cosmic SFRD but also helps
 void runa way star formation in the centr es of massive g alaxies,
hich may lead to the formation of a pronounced stellar bulge

omponent. The presence of a dominant bulge can be traced by
he dip in the z = 0 SSMR at M ∗ ≈ 2 × 10 10 M �, which is absent
nly in the ThermalKinetic _ var 
T SN varf E model (see
igs 2 and 7 ). 

.3.3 Galaxy stellar mass function and star formation rates at 
igh redshift 

ig. 11 shows the GSMF and sSFR versus stellar mass at z = 2 for
he same four simulations as were shown in Figs 9 and 10 . At a
iv en st ellar mass, w e show the median sSFR considering both
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assiv e and activ e galaxies. For comparison, w e display the z = 2
SMF and median sSFR derived by J. Leja et al. ( 2020 ), J. Leja

t al. ( 2022 ) who applied the spectral energy distribution (SED)
tting code Prospector to measure SFRs and stellar masses of 
10 5 galaxies at 0 . 2 < z < 3 fr om C OSMOS2015 and 3D- HST

alaxy catalogues. The error bars in J. Leja et al. ( 2020 , 2022 )
orrespond to the 16 th and 84 th percentiles estimated by their best-
tting model. 
At z = 2 , the ThermalKinetic _ var 
T SN varf E model

hows significantly better agreement with the data than its three 
impler count erparts. Despit e being calibrat ed only t o z = 0 data,
he model broadly reproduces the observed median sSFR, with 

iscr epancies r emaining ≈ 0 . 1 de x at M ∗ < 10 10 . 5 M �. A ddition-
lly, it is systematically offset by just ≈ 0 . 2 dex from the observed
SMF, which is comparable to the systematic uncertainty in 

nferring M ∗ using SED-fitting codes at these redshifts (e.g. A. 
atsianis et al. 2020 ). In contrast, the other three models perform

ess well: all systematically underpredict the observed sSFR by 
ore than ≈ 0 . 3 dex at M ∗ < 10 10 . 5 M �, and their GSMF values

 x ceed the observed data by at least ≈ 0 . 5 dex at M ∗ < 10 10 M �. 

.3.4 Cold gas properties 

e next inv estigat e the z = 0 properties of cold gas predicted
y the simulations. The left and right panels of Fig. 12 show,
espectively, the z = 0 ratios of galaxy H i mass to stellar mass and
 2 mass t o st ellar mass as functions of galaxy st ellar mass. The

olid curves correspond to the median mass fractions in the 
imulations, and the light-blue shaded regions 
how the 16 th to 84 th percentile range for the 
hermalKinetic _ var 
T SN varf E model. 
For r efer ence, we show the z ≈ 0 observed H i -to - stellar mass

ractions from B. Catinella et al. ( 2018 , xGASS survey) and D.
cholte et al. ( 2024 , ALF ALF A survey), both derived from 21 cm
ine observations. For H 2 , we show mass fractions from xCOLD
ASS (A. Saintonge et al. 2017 ), where H 2 masses were de-

ived fr om C O(1-0) luminosity using the multivariate αCO con- 
 ersion fact or fr om G. A ccurso et al. ( 2017 ). To ensure fair com-
arison with simulations, we divided H 2 masses from A. Sain- 
onge et al. ( 2017 ) by 1.36 t o remov e a contribution from he-
ium, which was included in the conversion factor αCO used 

y the authors. In both panels, black symbols indicate me- 
ian observed gas fractions. Error bars for B. Catinella et al.
 2018 ) and A. Saintonge et al. ( 2017 ) r epr esent err ors on the

edian, which we estimated via bootstrapping . Gr ey hatched 

egions show the 16 th -84 th percentile scatter in the observations: 
n the left panel for B. Catinella et al. ( 2018 ), and in the right
anel for A. Saintonge et al. ( 2017 ). In each panel, the upper
at ched region (slant ed t op-right) shows the scatt er when non-
etections are treated as upper limits. The lower hatched region 

slant ed bott om-left) assumes non-det ections ar e zer oes, r esult-
ng in a 16 th percentile ext ending t o zero. Together, the lower per-
entiles of these two regions bracket the range for the true lower
ercentile. 
We stress that the colibre model does not impose an effective

r essur e and/or temperatur e floor and uses the non-equilibrium
hermochemistry solver chimes , coupled to the colibre dust 
rain model, to compute the abundances of primordial species. 
MNRAS 548, 1–42 (2026) 
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the ThermalKinetic _ var 
T SN varf E model r epr oduces both the H i and H 2 observed mass fractions for M ∗ < 10 10 . 5 M � (including the observed 
scatter), while at M ∗ > 10 10 . 5 M � all models undershoot the data. 
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his allows us to take the (non-equilibrium) H 2 and H i abun-
ances directly from the simulations, which is in contrast to
he previous generation of galaxy simulations of representative
olumes, such as eagle and Illus trisTNG , wher e the atomic
nd molecular gas fractions would need to be estimated in post-
r ocessing (see e.g . C. d. P. Lagos et al. 2015 ; B. Diemer et al.
018 ; A. Manuwal & A. R. H. St ev ens 2023 ). Such post-processing
ypically relies on (semi-)analytic models or fitting formulas cal-
brated using high-resolution radiative transfer simulations of 
maller cosmological volumes (e.g. N. Y. Gnedin & A. V. Kravtsov
011 ; A. Rahmati et al. 2013 ; M. R. Krumholz 2013 ), and may
nclude an int ermediat e st ep t o obtain the neutral (H 2 + H i ) h y -
r ogen fraction befor e the H 2 and H i fractions can be estimated
e.g. R. A. Crain et al. 2017 ). 

Fig. 12 shows that while both the
hermalKinetic _ var 
T SN and ThermalKinetic _
ar 
T SN varf E models are consistent with the observational
ata for H i in the stellar mass range 10 9 < M ∗/ M � < 10 10 . 5 ,
nly ThermalKinetic _ var 
T SN varf E also r epr oduces
he observed H 2 mass fractions within this range, whereas
hermalKinetic _ var 
T SN systematically undershoots

he H 2 data at all M ∗. Moreover, comparing the light-blue
haded regions with the grey hatched regions shows that
hermalKinetic _ var 
T SN varf E also r epr oduces the
bserv ed scatt er for both H i and H 2 . By contrast, for the Basic
nd ThermalKinetic models, both the molecular and atomic
 as fractions ar e, on average, too low compared to the data,
NRAS 548, 1–42 (2026) 
onsistent with these models underpredicting the observed sSFR
t z = 0 (Fig. 9 ). The sharp downturn in the simulated molecular
nd atomic gas fractions in all four models below the stellar
ass M ∗ ∼ 10 9 M � is driven by limited numerical resolution,
ith H 2 mass fractions starting to drop at slightly higher
 ∗ than H i . 20 

At the high-mass end ( M ∗ > 10 10 . 5 M �), all four models un-
erpredict the observed gas fractions. In fact, there appears to
e a tension in that the ThermalKinetic _ var 
T SN varf E 
odel r epr oduces the quenched fraction and sSFRs in this mass

ange while undershooting the gas fractions. This discrepancy
ay highlight limitations in our relatively simple treatment of 
 as accr etion onto SMBHs and/or AGN feedback, e xacerbated by
he relatively low resolution of the simulations ( m gas ∼ 10 7 M �),
eading t o ov erly efficient depletion of cold gas in massiv e galax-
es. Indeed, J. Schaye et al. ( 2025 ) demonstrate that agreement
ith the data at the high-mass end improves significantly when
sing the higher m6 resolution of colibre (see their fig. 19).
inally, w e not e that the dip in the H i mass fraction at M ∗ ∼
 × 10 10 M � may also be mitigated by mock observing the simu-
ated galaxies, rather than using intrinsic values predicted by the
imulations. This would account for observational effects such as
 i emission blending, which can artificially boost the inferred
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four models are consistent with the observations for both the gas-phase and stellar metallicities at M ∗ � 10 11 M �. 
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eutr al gas fr actions at the high-mass end (e.g. A. R. H. St ev ens
t al. 2019 ). 

.3.5 Metal content 

he left panel of Fig. 13 shows the relationship between the
etallicity of the gas phase, in units of 12 + log 10 (O / H) , and

alaxy stellar mass at z = 0 . The gas metallicity in the simulations
s derived directly from the oxygen abundance, as predicted by 
he chemistry model of colibre . Each galaxy’s ratio between the
umber of o xy gen and hydr ogen nuclei, O / H , is calculated as 

 / H = 

m H 

m O 

∑ 

i (X O /X H 

) i m gas ,i ∑ 

i m gas ,i 
, (19) 

here (X O /X H 

) i is the ratio of the oxygen and hydrogen mass
ractions carried by gas particle i , m gas ,i is the mass of gas par-
icle i , and m H 

/m O is the ratio of the masses of hydrogen and
 xy gen nuclei. To aid the comparison with observational data, in
quation ( 19 ) we consider only those gas particles that are dense
 n H 

> 0 . 1 cm 

−3 ) and cool ( T < 10 4 . 5 K ). Furthermore, we apply
 spatial mask by requiring the selected particles to be within
0 pkpc apertures centred on the galaxies. We do not include 
etals that ar e pr esent in dust. In a given stellar mass bin, we

how the median value of 12 + log 10 (O / H) considering only star-
orming galaxies ( sSFR > 10 −2 Gyr −1 ). 

For comparison, we display the gas-phase metallicities of 472 
tar-forming galaxies at 0 . 04 < z < 0 . 128 from the SAMI Galaxy
urvey (A. F r aser-McKelvie et al. 2022 ), as well as metallicities
or ∼ 10 5 local star-forming SDSS galaxies from C. A. Tremonti 
t al. ( 2004 ) and M. Curti et al. ( 2020 ). The data from C. A.
remonti et al. ( 2004 ) and A. F r aser-McKelvie et al. ( 2022 ) follow
wo distinct metallicity tracks, offset by ≈ 0 . 3 dex, while the mea-
ur ements fr om M. Curti et al. ( 2020 ) gr adually tr ansition from
he upper to the lower track with increasing stellar mass. The

0 . 3 dex systematic discrepancy between different observations 
rises fr om differ ences in the calibration of the methods used to
nfer gas-phase metallicities from galaxy spectra, as well as from 

ifferences in the methods themselves. In particular, the lower 
rack typically corresponds to metallicities estimated using the so-
alled T e -method, while the upper track is based on calibrations
sing photoionization models (see e.g. Á. R. López-Sánchez et al. 
012 ; M. Curti et al. 2020 ). 

We find that all four models are consistent with the 
bservational data, including the normalization, slope, 
nd scatter of the mass–metallicity relation. At stellar 
asses M ∗ > 10 9 . 5 M �, ThermalKinetic _ var 
T SN and 

hermalKinetic _ var 
T SN varf E closely follow the upper 
rack of the observations, whereas the metallicities in Basic 
nd ThermalKinetic saturate at values corresponding to the 
ower track. 

The right panel of Fig. 13 shows the relationship between 

alaxy stellar mass and stellar metallicity, [Fe/H], at z = 0 . The
tellar metallicity in the simulations is derived dir ectly fr om the
 alaxies’ ir on abundance. For each g alaxy, w e first calculat e the
atio of the total numbers of iron and hydrogen nuclei, Fe / H ,
here we employ the same expression as for the gas-phase O/H

equation 19 ) but apply it to stellar particle-carried fields and
 eplace o xy gen with ir on. St ellar particles that contribut e t o Fe/H
re selected within 50 pkpc apertures. The resulting ratio is sub-
equently normalized by the solar value of Fe/H, assuming a 
MNRAS 548, 1–42 (2026) 
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olar iron abundance of 12 + log 10 ( Fe / H ) = 7 . 5 (M. Asplund
t al. 2009 ). In a giv en st ellar mass bin, w e show the median value
f [Fe/H]. 

For r efer ence, w e display the observ ed st ellar metallicity-mass
elation for a large ( ∼ 10 5 ) sample of z ≈ 0 . 1 SDSS galaxies from
. Gallazzi et al. ( 2005 ) and dwarf irregular and spheroidal satel-

ite galaxies of the Milky Way and M31 from E. N. Kirby et al.
 2013 ). Where needed, the solar abundances used in the obser-
ations have been conv ert ed t o the solar values report ed by M.
splund et al. ( 2009 ). 
Overall, all four models are consistent with the

bservations within the stellar mass range of ∼ 10 7 
o 10 11 M �. At higher masses ( M ∗ � 10 11 M �), the
hermalKinetic , ThermalKinetic _ var 
T SN , and
hermalKinetic _ var 
T SN varf E models undershoot

he A. Gallazzi et al. ( 2005 ) data by up to ≈ 0 . 35 dex. This
iscrepancy is likely related to the fact that stellar metallicities

n the simulations are derived from the Fe abundance, whereas
he metallicities in A. Gallazzi et al. ( 2005 ) are estimated based
n a combination of Mg and Fe absorption features in galaxy
pectra, with the importance of Mg becoming higher in more
assive galaxies due to α−enhancement (e.g. M. C. Segers et al.

016 ). J. Schaye et al. ( 2025 ) show that the agreement between
olibre and the A. Gallazzi et al. ( 2005 ) data at the high-mass
nd improv es if st ellar metallicities in the simulations are derived
rom Mg instead of Fe, although a small discrepancy remains. 21 

The stellar mass–metallicity relation in the Basic model sat-
rates at a metallicity that is ≈ 0 . 25 dex higher than in the other

hree models. This results from the lower BH seed mass adopted
n the Basic model, which weakens AGN feedback and con-
equently allows for more late-time star formation in massive
 alaxies, ther eby incr easing their present-day stellar metallicities.

.4 The COLIBRE fiducial model at m7, m6, and m5 
esolutions 

n the previous sections, we showed that among the four models
ith the best-fitting parameter values identified by the emula-

ors, ThermalKinetic _ var 
T SN varf E not only provides the
losest mat ch t o the observ ed GSMF and SSMR, but is also in
ver all bet ter agreement with the observational data that were
ot used in the calibration. If the colibre model were designed
olely for the resolution at which the emulat ors w ere employ ed
m7; m gas ≈ m dm 

∼ 10 7 M �), we could conclude our search for
he best-fitting model here. How ev er, since the colibre suite
lso includes simulations at m6 ( m gas ≈ m dm 

∼ 10 6 M �) and m5
 m gas ≈ m dm 

∼ 10 5 M �) resolutions, it is essential to verify that
he ThermalKinetic _ var 
T SN varf E model performs well at
hese resolutions too before establishing it as the fiducial colibre

odel. 
NRAS 548, 1–42 (2026) 

1 Another potential source of discrepancy with the A. Gallazzi et al. 
 2005 ) data concerns our fiducial choice of aperture size, within which 
ll galaxy properties are calculated: 50 pkpc . In contrast, A. Gallazzi et al. 
 2005 ) derived stellar metallicities from SDSS spectra taken with 3 arcsec - 
iameter fibr es, corr esponding to a physical radius of ≈ 3 kpc at z = 0 . 1 . 
e verified that reducing the apertur e fr om 50 to 3 kpc increases the 

tellar metallicity at the high-mass end by no more than ≈ 0 . 1 dex, which 
s insufficient to account for the full offset with respect to the A. Gallazzi 
t al. ( 2005 ) measurements ( ≈ 0 . 35 dex). 
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.4.1 Extension of the ThermalKinetic _ varΔT SN var f E model with 

est-fitting parameter values to higher resolutions 

y applying the best-fitting ThermalKinetic _ var 
T SN varf E 
odel calibrated at m7 resolution to m6 and m5 resolutions,
ithout adjusting any parameter values e x cept for gravitational

oftening (which scales with m gas as ε soft ∝ m 

1 / 3 
gas ), we found

hat the fit to the observed GSMF and SSMR at z = 0 becomes
r ogr essiv ely w orse at higher resolutions. The primary fact or
educing the accuracy of the fit is the increasingly earlier onset of 
GN feedback. This result could be anticipated, as the tail of the
as density distribution in higher-resolution simulations extends
o higher values, which can significantly boost BH accretion rates
see equation 10 ). As a consequence, BH particles undergo faster
rowth and produce more aggressive AGN feedback, which
ltimately results in galaxies with unrealistically low stellar
asses and large sizes. 
By manually adjusting the BH seed mass to suppress the

verly efficient early BH growth and obtain a good fit to the
bserved GSMF and SSMR, we found that at m6 resolution the
H seed mass needs to be reduced by a factor of ∼ 10 compared

o its best-fitting value at m7 resolution, and by another factor
f ∼ 10 when increasing the resolution from m6 to m5, giving
 BH , seed ∼ 10 3 M � at m5 resolution. Because the BH accretion

ate has a superlinear dependence on m BH 

( ˙ m BH 

∝ m 

2 
BH 

), such a
ow value of m BH , seed at m5 resolution yields two distinct popula-
ions of galaxies based on their stellar mass: (i) galaxies with M ∗ �
0 10 . 5 M � that have efficient BH growth, and (ii) galaxies with
 ∗ � 10 10 . 5 M � wher e BH accr etion rates ar e very low. The tran-

ition from nearly no BH growth to efficient BH growth becomes
 step-like function of M ∗, which is undesirable. Fortunat ely, w e
ound that a much smoother transition between the two regimes
f BH growth, including an int ermediat e population of galaxies
ith moderately growing BHs, can be realised by adopting a
uch higher value of m BH , seed alongside a variable AGN heating

emperature, which depends linearly on the BH mass, instead of 
he constant value 
T AGN 

= 10 9 K . 
To ensure that the colibre model remains consistent across all

esolutions, we decided to implement the change from 
T AGN 

=
0 9 K to a variable 
T AGN 

not only at m5 resolution but also at m6
nd m7. In the following t ext, w e detail how the change in 
T AGN 

s implemented and how it affects the calibration at m7 resolution
escribed in the previous sections. 

.4.2 The COLIBRE model with a variable 
T AGN 

e take the ThermalKinetic _ var 
T SN varf E model and
odify its prescription for AGN feedback by replacing a fixed
T AGN 

= 10 9 K with a function that depends on the BH (subgrid)
ass, 

T AGN 

(m BH 

) = 
T AGN , pivot 

(
m BH 

m BH , pivot 

)
, (20) 

here 
T AGN , pivot and m BH , pivot are (degenerate) parameters.
he variable heating temperature is constrained within the
ounds 
T AGN , min < 
T AGN 

(m BH 

) < 
T AGN , max , which at m7
esolution we set to 
T AGN , min = 10 6 . 5 K and 
T AGN , max = 10 9 . 5 K .
hese limits ensure that AGN feedback remains both efficient
nd well-sampled across a wide range of halo masses, following
he same rationale used to set the variable heating temperature
n SN feedback (see Section 2.2.5 ). The two remaining param-
ters, which are degenerate ( 
T AGN , pivot ∝ m BH , pivot ), are set to
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T AGN = 10 9 K ) and its modified version with the 
variable 
T AGN (i.e. the fiducial colibre model), respectively. Both simulations were run in a (50 cMpc) 3 volume at m7 resolution. The black symbols 
and grey hatched region indicate observational data. For reference, the uncertainty in the predictions of the colibre fiducial model is indicated by the 
dark-red shaded region, with boundaries corresponding to the Poisson uncertainty for the GSMF and the 16 th to 84 th percentile range for the SSMR and 
BSMR. While the GSMF and SSMR predicted by both models are nearly identical, each r epr oducing the observational data, the fiducial colibre model 
predicts significantly higher BH masses in galaxies with M ∗ � 10 10 M �. 
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T AGN , pivot = 10 9 K and m BH , pivot = 10 8 M �, such that a heating
emperature of 10 9 K is reached for a BH with m BH 

= 10 8 M �,
he value that is typical for M ∗ ∼ 10 11 M � galaxies (see Fig. 9 ).
or BHs with masses below 10 8 M �, the heating temperature is

ess than 10 9 K , leading to a better sampling of AGN feedback
v ents compared t o the case where 
T AGN 

is fixed to 10 9 K . More
enerally, since the BH accretion rate scales as ˙ m BH 

∝ m 

2 
BH 

, while
he accretion rate at the Eddington limit scales linearly with m BH 

,
quation ( 20 ) ensures that the sampling of AGN feedback events
s independent of the BH mass for BHs accreting at a fixed Ed-
ington fraction. 
Since the change from 
T AGN 

= 10 9 K to a variable 
T AGN 

will impact the strength of AGN feedback, 
ome of the best-fit ting par ameter v alues found for the
hermalKinetic _ var 
T SN varf E model with 
T AGN 

= 

0 9 K may r equir e adjustments t o achiev e similar goodness
f fit to the observed GSMF and SSMR. As an initial test,
e ran several simulations in a (50 cMpc) 3 volume using the

ariation of the ThermalKinetic _ var 
T SN varf E model 
ith the variable 
T AGN 

given by equation ( 20 ), keeping the
hree SN parameters at their best-fitting values from Table 2 
ound for 
T AGN 

= 10 9 K while exploring different values 
f m BH , seed . These t ests show ed that the SN paramet ers can
ndeed remain unchanged, while m BH , seed needs to be increased. 
pecifically, we found that if m BH , seed is increased from its 
est-fit ting v alue for 
T AGN 

= 10 9 K of 10 4 . 8 M � to 10 5 . 5 M �, the
hermalKinetic _ var 
T SN varf E model with the variable 
T AGN 

matches the observed GSMF and SSMR with a similar 
ccuracy as the best-fitting ThermalKinetic _ var 
T SN varf E 
odel with 
T AGN 

= 10 9 K . 
Fig. 14 shows the z = 0 GSMF (left panel), the z = 0

SMR (middle panel) and the z = 0 BSMR (right panel) for
he best-fitting ThermalKinetic _ var 
T SN varf E model with 

T AGN 

= 10 9 K (light-blue) and its modified version with the
ariable 
T AGN 

(dark-red). The only differences between the 
odels are the treatment of 
T AGN 

and the value of m BH , seed ,
hich is set to 10 4 . 8 M � for 
T AGN 

= 10 9 K and to 10 5 . 5 M � for
he variable 
T AGN 

. 
The GSMF and SSMR pr edicted by both models ar e virtually

ndistinguishable, each providing an excellent match to the S. P. 
river et al. ( 2022 ) GSMF and the J. A. Hardwick et al. ( 2022 )
SMR. How ev er, the BSMRs show notable differences. While the
r edictions fr om both models converge for M ∗ � 10 10 M �, r epr o-
ucing the measurements of A. W. Graham & N. Sahu ( 2023 ),
he variable 
T AGN 

model exhibits systematically more massive 
Hs at M ∗ � 10 10 M � – by up to ≈ 0 . 7 dex–due to its higher BH
eed mass. As discussed in Section 5.4.1 , the ability to increase
 BH , seed without compromising the fit to the observed GSMF and 

SMR becomes crucial at m5 resolution, and is the main reason
hy the variable 
T AGN 

model is pr eferr ed over its fixed 
T AGN 

ounterpart. 
Fig. 15 presents a comparison between the predictions of the 

est-fitting ThermalKinetic _ var 
T SN varf E model (light- 
lue) and its variation with the variable 
T AGN 

(dark-red) for 
ine different relations that were not used t o calibrat e the models.
hese relations were previously shown in Section 5.3 in the con-

ext of comparing the four best-fitting models employing different 
N feedback prescriptions. In Fig. 15 , the panels, from left to right
nd top to bottom, show: the median sSFR versus stellar mass at
 = 0 for active galaxies ( sSFR > 10 −2 Gyr −1 ), quenched fraction
 ersus st ellar mass at z = 0 , gas metallicity v ersus st ellar mass at
 = 0 for star-forming galaxies, stellar metallicity versus stellar 
ass at z = 0 , H i mass-to - stellar mass fraction versus stellar mass

t z = 0 , H 2 mass-to - stellar mass fraction versus stellar mass at
 = 0 , GSMF at z = 2 , the median sSFR of all galaxies versus
tellar mass at z = 2 , and the cosmic SFRD versus redshift. 

On average, the models with fixed and variable 
T AGN 

perform 

imilarly well in r epr oducing observational data at both z = 0
nd z = 2 . Small differences emerge in the z = 0 sSFR, H i frac-
ions, H 2 fractions, and quenched fractions at M ∗ � 10 10 . 5 M �,
here the variable 
T AGN 

model exhibits slightly higher gas 
ractions and SFRs and slightly lower quenched fractions, 
MNRAS 548, 1–42 (2026) 
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Figure 15. Comparison of the simulation predictions from the best-fitting ThermalKinetic _ var 
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T AGN (i.e. the fiducial colibre model; dark-red) for various relations that were not used to calibrate 
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eading to marginal or no improvement in the agreement with the
ata. Overall, Fig. 15 confirms that switching from the best-fitting
hermalKinetic _ var 
T SN varf E model with fixed 
T AGN 

to
ts variation with variable 
T AGN 

does not degrade the agreement
ith observations in any of the e xplor ed r elations. 
Based on the abov e findings, w e opt ed t o establish the
hermalKinetic _ var 
T varf model with the variable
NRAS 548, 1–42 (2026) 

SN E 
T AGN 

as the fiducial colibre model at all resolutions. At m7
esolution, the fiducial parameter values ar e ther efor e m BH , seed =
0 5 . 5 M �, f kin = 0 . 1 , P E , pivot /k B = 8 × 10 3 K cm 

−3 , and n H , pivot =
 . 6 cm 

−3 . For m6 and m5 resolutions, several subgrid parameter
alues are adjusted from their m7 values to improve the fit to
he observed z = 0 GSMF and SSMR. Specifically, m BH , seed is de-
r eased fr om m BH , seed = 10 5 . 5 M � to 3 × 10 4 M �, and 2 × 10 4 M �,
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 espectively, while P E , pivot /k B is incr eased fr om P E , pivot /k B = 8 ×
0 3 K cm 

−3 to 1 × 10 4 K cm 

−3 and 1 . 5 × 10 4 K cm 

−3 . The param-
ter f kin r emains fix ed at 0.1 for all r esolutions, while n H , pivot is de-
r eased fr om 0 . 6 cm 

−3 to 0 . 5 cm 

−3 at m6 r esolution but incr eases
o 1 . 0 cm 

−3 at m5 resolution. Among the SN and AGN parameters
ot used in the emulation, 
T SN , min , 
T SN , max , 
T AGN , max , and

f E , min are set to 10 6 . 75 K , 10 8 K , 10 10 K , and 0.3 at m6 resolution,
nd to 10 7 K , 10 8 K , 10 10 K , and 0.8 at m5 r esolution, r espectively.
inally, the AGN feedback coupling efficiency, ε f , was reduced 

rom 0.1 at m7 resolution to 0.05 at m6 and m5 resolutions to
mpr ove the agr eement with the observed z = 0 BSMR. Without
his adjustment, the normalization of the BSMR predicted by 
he m6 and m5 models w ould hav e been t oo high by a factor of 

2 relativ e t o the observations. A complet e list of resolution-
ependent subgrid parameter values is provided in table 1 of J.
chaye et al. ( 2025 ). 

The adjustments to the SN and AGN par ameter v alues at m6
nd m5 resolutions w ere det ermined through an it erativ e trial-
nd-err or pr ocess, involving ∼ 100 simulations in 25 3 and 12 . 5 3 
Mpc 3 v olumes, respectiv ely. Our initial guess assumed the same
ar ameter v alues as in the fiducial m7 model, and we then re-
ned them it erativ ely t o arriv e at the final values report ed abov e.
he resolution dependence of most parameters is physically intu- 

tive. For example, at higher resolution, BHs start growing earlier 
ue to the presence of denser gas, requiring a lower m BH , seed 
 o count erbalance the enhanced BH growth. Con versely, ther -

al SN feedback becomes less efficient due to stronger radia- 
ive cooling losses in the denser gas and because a fixed tem-
eratur e incr ease 
T SN 

of a single g as particle corr esponds to a
maller increase in the particle’s internal energy, necessitating 
n increase in 
T SN , min and 
T SN , max at higher resolutions to 
aintain feedback strength comparable to m7 resolution. Star 

ormation at higher resolution occurs in g as envir onments with
igher pr essur es, so P E , pivot , which is r epr esentative of the median
tellar birth pr essur e in the simulation (see Appendix B ), must
ncrease. Finally, w e not e that the non-monot onic dependence
f n H , pivot on the resolution is due to its strong degeneracy with
 E , pivot and 
T SN , min , both of which change with resolution. 

Fig. 16 shows the z = 0 GSMF (left panel), the z = 0 SSMR
middle panel) and the z = 0 BSMR (right panel) for the fidu-
ial colibre models at m7, m6 and m5 resolutions (differently 
oloured solid curves), all in a (25 cMpc) 3 cosmological volume. 
he observed GSMF from S. P. Driver et al. ( 2022 ), the SSMR from

. A. Hardwick et al. ( 2022 ), and the BSMR from A. W. Graham &
. Sahu ( 2023 ) are shown as black symbols. 
The colibre simulations r epr oduce the observed GSMF and 

SMR not only at m7 resolution, but also at m6 and m5, de-
pite the best-fitting parameter values for m6 and m5 having 
een determined manually rather than via emulation. In par- 
icular, the SSMR predicted by colibre at m6 and m5 resolu-
ions remains within ≈ 0 . 1 dex of the observed sizes across the
ull stellar mass range. In the range 10 9 � M ∗/ M � � 10 10 . 5 , the
SMR at m5 resolution appears slightly elevated compared to 
6 and m7, but remains within ≈ 0 . 1 dex. At all three resolu-

ions, the GSMF agrees with the observational data to within 

0 . 1 dex at M ∗ � 10 10 . 5 M �, while at M ∗ � 10 10 . 5 M �, the pre-
ictions are systematically offset from the observed GSMF, ow- 

ng to the small number of massive galaxies in the (25 cMpc ) 3 
 olume. This is, how ev er, not a concern, as w e hav e v erified that
ncreasing the simulat ed v olume brings the GSMF predictions 
nto much closer agreement with the data at the high-mass end
see Appendix A ). The agreement between the colibre pre- 
ictions for the BSMR and the observational measurements of 
. W. Graham & N. Sahu ( 2023 ) is e x cellent at all resolutions,
atching both the normalization and the slope of the observed 
MNRAS 548, 1–42 (2026) 
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Figure 17. The GSMF at redshift z = 0 . Different panels show the effect of varying different SN and AGN feedback-relat ed subgrid paramet ers of the 
colibre fiducial model at m7 resolution. For each variation, we run a separate ( 50 cMpc ) 3 volume simulation. Only one parameter is varied per panel, 
while the others are held fixed to their best-fitting values. Starting from the top-left panel and going left t o right, t op t o bott om, the varied paramet ers 
are 
T SN , max , 
T SN , min , n H , pivot , f E , min , f E , max , σP , P E , pivot , m BH , seed , M FoF , seed , and m BH , pivot . The light-green (cyan) curve corresponds to the higher 
(lower) value of the paramet er, relativ e t o that in the fiducial m7 model, which is shown in dark-red. The comparison data from S. P. Driver et al. ( 2022 ) 
are displayed as black squares. Many parameters are degenerate with one another (i.e. they have a similar impact on the GSMF), while others have little 
effect on the GSMF. 
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The colibre GSMF, SSMR, and BSMR exhibit very good
onvergence 22 with resolution for M ∗ � 10 8 M �, M ∗ � 10 9 M �,
nd M ∗ � 10 10 M �, respectively. The GSMF converges down to a
ower M ∗ than the SSMR because the stellar mass is an integrated
roperty, while the sizes depend on the spatial distribution of stel-

ar particles within the galaxy and hence r equir e mor e particles to
e converged. At M ∗ � 10 9 M �, the limit corresponding to � 100
tellar particles at m7 r esolution, g alaxy half-mass radii decrease
ith increasing resolution. Meanwhile, the BSMR converges only

or M ∗ � 10 10 M � due to differences in the BH seed mass used at
iffer ent r esolutions. Thanks t o the variable 
T AGN 

, the low est
H masses in the m5 model are 2 × 10 4 M �. The cut-off in the
SMR at M ∗ ∼ 10 7 − 10 8 M � is set by the minimum FoF mass,
 FoF , seed , r equir ed for haloes to be seeded with a BH particle.
 FoF , seed is equal to 10 10 M � at m5 and m6 resolutions but to

 × 10 10 M � at m7 resolution, 23 shifting the cutoff of the BSMR
o higher M ∗ in the m7 model compared to m6 and m5. 
NRAS 548, 1–42 (2026) 

2 As discussed earlier in Section 5.4.2 , some of the par ameter v alues in 
he fiducial colibre model are adjusted between different resolutions. 
her efor e, the r esolution conv ergence should be int erpret ed as ‘w eak 
onvergence’, in the language of J. Schaye et al. ( 2015 ). 
3 Setting M FoF , seed to 10 10 M � at m7 resolution, which is the value used 
t m6 and m5 resolutions, would result in massive BH particles having 
ravitational masses that e x ceed their subgrid masses, which is undesir- 
ble (see section 3.8.1 of J. Schaye et al. 2025 for a discussion). 
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.5 Par ameter v ariations in the fiducial m7 COLIBRE 

odel 

n the previous section, we showed that the fiducial colibre
odels at m7, m6, and m5 r esolutions r epr oduce the obser-

ational data to which they w ere calibrat ed: the z = 0 GSMF
nd SSMR using Gaussian process emulators and, indepen-
ently, the z = 0 BSMR by manually adjusting the coupling ef-
ciency ε f in equation ( 12 ). Because the m7 model was cali-
rat ed t o the GSMF and SSMR using emulators by optimizing
he best-fitting values of a set of four subgrid parameters, θ =

( f kin , n H , pivot , P E , pivot , m BH , seed ) , an important question arises: why
ere these four parameters optimized, while other subgrid pa-

amet ers relat ed t o st ellar and AGN feedback w er e held fix ed
uring emulation? This question was discussed in Section 4.2 ,
hough without presenting results supporting the choice of sub-
rid parameters. In this section, we further address this ques-
ion by showing that the feedback-related subgrid parameters
 x cluded fr om emulator -based calibration either ha ve a negligible
mpact on the calibrated galaxy properties or are degenerate with
arameters already included in θ. 
Figs 17 and 18 show how the z = 0 GSMF and SSMR in the

olibre fiducial m7 model respond to variations in 
T SN , max ,
T SN , min , n H , pivot , f E , min , f E , max , σP , P E , pivot , m BH , seed , M FoF , seed , and
 BH , pivot . Each figure contains 10 panels, where in each panel, we

ary one of the 10 subgrid parameters, while the other parameters
r e fix ed at their best-fitting values. For each variation, we run a
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Figur e 18. As Fig . 17 , but showing the z = 0 median galaxy SSMR. The median observed r elation fr om J. A. Hardwick et al. ( 2022 ) is displayed as black 
cir cles. The err or bars show the 1 σ error on the median observed sizes, while the grey hatched region indicates the galaxy population-wide scatter in J. 
A. Hardwick et al. ( 2022 ). 
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eparat e ( 50 cMpc ) 3 v olume simulation (that is, what is shown in
he figures are the results from simulations, not from emulators). 

e show the results for three different values of each parame-
er: the value from the fiducial model (dark-red), a lower value 
cyan), and a higher value (light-green). The values of the varied 

arameters are indicated in each panel’s legend. 
First, we recall that the density-dependent heating temperature 

n the SN thermal feedback of the colibre fiducial model de- 
ends on the subgrid parameters 
T SN , max , 
T SN , min , and n H , pivot 
see equation 8 ). The effects of varying these parameters are 
hown in panels (a), (b), and (c), respectiv ely. We observ e that in-
reasing 
T SN , max by 0.5 dex has no impact on either the GSMF or
alaxy sizes. In contrast, decreasing 
T SN , max dex by 0.5 dex intro-
uces a bump in the GSMF and a dip in galaxy sizes around M ∗ =
0 10 . 5 M �, indicating inefficient SN feedback at the mass scale 
ust below where BHs take over. Similarly, changing 
T SN , min by 

0 . 5 dex has a pronounced effect on both the GSMF and SSMR.
s expected, a higher (lower) 
T SN , min enhances (weakens) SN 

hermal feedback, resulting in less (more) stellar mass formed 

nd less (more) centr ally concentr ated galaxies, moving the low- 
ass end of the GSMF down (up) and moving the low-mass end

f the SSMR up (down). By comparing panels (a) and (b) with
anel (c), where n H , pivot is varied, we observe that most effects
n the GSMF and SSMR caused by changes in 
T SN , min and/or
T SN , max can be captured by adjusting n H , pivot alone. Further- 
ore, we recall that 
T SN , min cannot be much lower than 10 6 . 5 K

otherwise the SN thermal feedback would suffer from catas- 
r ophic over cooling) and 
T SN , max cannot be much greater than
0 7 . 5 K (otherwise the sampling of SN thermal injection events 
ould become poor, see Section 2.2.5 ). Based on these arguments,
e decided to refrain from optimizing 
T SN , min and 
T SN , max and 

nstead fix these parameters (at m7 resolution) to 10 6 . 5 and 10 7 . 5 
, respectively. 
We next move to panels (d), (e), (f), and (g), which vary the

arameters of the relation between the SN energy f E and stel-
ar birth pr essur e P birth (equation 2 ). The parameters ar e: f E , min ,
f E , max , σP and P E , pivot . First, w e observ e that v arying the par am-
ters f E , min and f E , max – which specify the energy injected by 
N feedback from stellar particles formed in low- and high- 
r essur e g as envir onments, r espectiv ely – modulat es the ov erall
tr ength of SN feedback, pr edominantly affecting g alaxies with
 ∗ � 10 10 . 5 M �. Decr easing (incr easing) the SN energy r esults in
ore (less) stellar mass formed and more (less) compact galaxies. 
 e xt, a nearly or der-of-magnitude variation in the parameter σP ,
hich controls the width of the transition from f E , min at low P birth 

o f E , max at high P birth , primarily impacts the low-mass end of the
SMF and SSMR ( M ∗ � 10 10 M �) in a manner similar to f E , min .
inally, the combined effect on the GSMF and SSMR of varying

f E , min , f E , max , and σP can be well captured by solely changing
 E , pivot (compare panels d, e, and f versus panel g), thereby jus-
ifying our choice to optimize P E , pivot while keeping f E , min , f E , max ,
nd σP fixed. Since lower values of f E , min and σP yield a slightly
etter SSMR at low stellar masses (see panels d and f in Fig. 18 ),
ut σP must also not be too small to avoid an e x cessively sharp
ransition from f E , min to f E , max , we set f E , min to 0.1 and σP to 0.3. As
or f E , max , we set its value to 4, which gives an average energy per
N within the range (1 . 5 − 2) × 10 51 erg . Alt ernativ ely, w e could
hoose a somewhat different value for f E , max by adjusting P E , pivot 
ue to the degeneracy between these two parameters (compare 
anel e vs. panel g). 
MNRAS 548, 1–42 (2026) 



36 E. Chaikin et al. 

M

 

t  

a  

m  

s  

g  

t  

u  

o  

f  

l  

i  

t
a  

e  

B  

t  

a  

(  

f  

h
 

v  

a  

r  

e  

G  

i  

t  

m  

a  

T
 

t  

m  

b  

t  

e  

c  

t  

t  

1  

t  

c

6

W  

m  

f  

o
(  

e  

l  

s  

p  

2

T
e
m

t  

p  

g  

n  

m  

p  

i  

s
 

f  

∼  

s  

r  

e  

f  

f  

d  

h  

i  

P  

e  

g  

w  

b
 

A  

u  

m  

t  

t  

d  

s  

t  

a  

t  




 

s  

b  

t  

d
e
(  

e  

w  

m

 

i  

i  

c
 

w  

k
5  

D
ow

nloaded from
 https://academ

ic.oup.com
/m

nras/article/548/1/stag300/8650960 by guest on 05 M
ay 2026
Lastly, the remaining three panels – (h), (i), and (j) – illus-
rate the effect of three BH-related parameters: m BH , seed , M FoF , seed ,
nd m BH , pivot , respectively . Physically , incr easing m BH , seed pr o-
otes BH gr owth thr ough g as accr etion and mergers, leading to

tr onger AGN feedback, while decr easing m BH , seed suppr esses BH
r owth, r esulting in weaker AGN feedback. Changing M FoF , seed in
he same direction as m BH , seed has the opposite effect: larger val-
es of M FoF , seed delay BH seeding and reduce the overall number
f seeded BHs, resulting in slower BH growth and weaker AGN
eedback, while smaller values increase the rate of BH seeding,
eading t o fast er BH gr owth and str onger AGN feedback. Finally,
ncr easing (decr easing) the normalization of the r elation between
he BH mass and 
T AGN 

, m BH , pivot , leads t o low er (higher) 
T AGN 

t fixed BH mass, producing less (more) bursty – and less (more)
fficient – AGN feedback. 24 Because our fiducial value for the
H seed mass is relatively large ( m BH , seed = 10 5 . 5 M �), varying

hese BH-related parameters affects all galaxies whose haloes
re massive enough to have been endowed with a BH particle
 M ∗ � 10 8 . 5 M �). Galaxies experiencing stronger (weaker) AGN
eedback on average form fewer (more) stars, and their stellar
alf-mass radii are larger (smaller). 
Overall, comparing panel (h) to panels (i) and (j), we find that

arying m BH , seed has a qualitatively similar effect on the GSMF
nd SSMR as changing M FoF , seed or m BH , pivot in the opposite di-
ection. This indicates that these three parameters are degen-
rate, meaning that optimizing one is sufficient. However, the
SMF and SSMR ar e quantitatively mor e sensitiv e t o variations

n m BH , seed than in M FoF , seed or m BH , pivot . We remind that we chose
o optimize m BH , seed while fixing M FoF , seed at 5 × 10 10 M � and
 BH , pivot at 10 8 M � in the colibre fiducial m7 model; or equiv-

lently, fixing M FoF , seed at 5 × 10 10 M � and 
T AGN 

at 10 9 K in the
hermalKinetic _ var 
T SN varf E model. 
Lastly, w e not e that m BH , pivot cannot be significantly smaller

han 10 8 M �, as this would correspond to 
T AGN 


 10 9 K in
assive objects according to equation ( 20 ), leading to implausi-

ly high gas fractions therein, which are known to be sensitive
o 
T AGN 

(e.g. A. M. C. Le Brun et al. 2014 ; I. G. McCarthy
t al. 2017 ; R. Kugel et al. 2023 ). Although we did not explicitly
alibrate the models to cluster gas fractions, a few test simula-
ions in a (100 cMpc) 3 volume confirmed that 
T AGN 

= 10 9 K in
he ThermalKinetic _ var 
T SN varf E model and m BH , pivot =
0 8 M � in the colibre fiducial model yield plausible gas frac-
ions in galaxy clusters. The analysis of the pr operties of g alaxy
lusters will be presented in future work. 

 CONCLUSIONS  

e have presented the calibration of the new colibre subgrid
odel for cosmological hydrodynamical simulations of galaxy

ormation (J. Schaye et al. 2025 ). colibre is available at three res-
lutions: m gas ≈ m dm 

∼ 10 7 M � (m7), 10 6 M � (m6), and 10 5 M �
m5). It has ev olv ed from the o wls (J. Scha ye et al. 2010 ) and
agle (J. Schaye et al. 2015 ) galaxy formation models with a

arge number of improvements and modifications. The most
ignificant ones are: (i) the presence of a cold int erst ellar gas
hase; (ii) the suppression of spurious energy transfer from DM
NRAS 548, 1–42 (2026) 

4 We verified that varying 
T AGN by 0.5 dex relativ e t o 10 9 K in the 
hermalKinetic _ var 
T SN varf E model has a qualitatively similar 
ffect on the GSMF and SSMR as varying m BH , pivot in the fiducial colibre 
odel, which uses a variable 
T AGN . 

B
 

T
i  

C  

t  
 o bary ons (by using four times more DM particles than baryonic
articles); (iii) a model for the formation and evolution of dust
rains coupled to the chemistry; (iv) the use of a non-equilibrium
etwork for the calculation of radiative cooling rates and ion and
olecular fractions of hydrogen and helium; and (v) improved

rescriptions for the modelling of all subgrid physics processes,
ncluding the prescriptions for radiative cooling, star formation,
tellar mass loss, BHs, and feedback from stars and SMBHs. 

We used Gaussian process emulators to calibrate SN and AGN
eedback in the colibre model. The emulators were trained on

200 simulations at m7 resolution in a (50 cMpc) 3 volume. Each
imulation was run with a unique combination of subgrid pa-
 ameter v alues governing the strengths of SN and AGN feedback,
nabling the emulators to learn how galaxy properties vary as
unctions of these parameters. These four parameters are: (i) the
raction of SN energy injected in kinetic form, f kin , (ii) the pivot
ensity in the thermal channel of SN feedback with a variable
eating temperature, n H , pivot ; (iii) the pivot stellar birth pr essur e

n the relation between the SN energy and stellar birth pr essur e,
 E , pivot ; and (iv) the BH seed mass, m BH , seed . By fitting the trained
mulat ors t o the observ ed z = 0 GSMF and t o the observ ed z = 0
alaxy SSMR in the stellar mass range 10 9 < M ∗/ M � < 10 11 . 3 ,
e found the values of the subgrid parameters that result in the
est agreement with the target observational data. 

The emulator-based calibration used a fixed 
T AGN 

= 10 9 K .
fter the emulation was completed, we updated the model to
se an AGN heating temperatur e that incr eases linearly with BH
ass (equation 20 ), as this proved important for higher resolu-

ion simulations. Paired with an increase in the BH seed mass,
his change has a negligible effect on any of the calibration
iagnostics. In the following, we first summarize our conclu-
ions concerning the calibration with emulators at m7 resolu-
ion, using the colibre model with 
T AGN 

= 10 9 K (r eferr ed to
s ThermalKinetic _ var 
T SN varf E ), and then discuss the
ransition to the fiducial colibre model, which uses a variable

T AGN 

. 
In the prescription for SN feedback in the colibre model, (i)

tellar particles inject their SN energy into surrounding gas in
oth thermal and kinetic forms, (ii) the heating temperature in
he thermal channel, 
T SN 

, is an increasing function of the gas
ensity (equation 8 ), and (iii) the energy per SN in units of 10 51 

rg, f E , is an increasing function of stellar birth gas pressure, P birth 
equation 2 ). In order to demonstrate that these model ingredi-
nts are all necessary to r epr oduce the observed GSMF and SSMR,
e e xplor ed thr ee variations of the colibre model in which the
odelling of SN feedback was significantly simplified: 

(i) We first considered the Basic model, in which the energy
n SN feedback is constant (i.e. f E is independent of P birth ) and
s only injected thermally, stochastically heating the gas by a
onstant value of 
T SN 

= 10 7 . 5 K . 
(ii) Our second simplified model was ThermalKinetic ,

hich allows some fraction of the SN energy, f kin , to be injected
inetically via low-energy kicks with a target kick velocity of 
0 km s −1 , while the remainder is injected thermally as in the
asic model. 
(iii) Finally, in the third simplified model,
hermalKinetic _ var 
T SN , the heating temperature 
T SN 

ncreases with the density of the gas surrounding the SNe.
ompared to the ThermalKinetic _ var 
T SN varf E model,

his model uses a constant energy per SN, as opposed to the SN
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nergy increasing with the stellar birth pr essur e as adopted in
he ThermalKinetic _ var 
T SN varf E model. 

These three simplified models were fit to the observed z = 

 GSMF and SSMR using emulators in the same manner as
he ThermalKinetic _ var 
T SN varf E model, and for each 

odel, the best-fitting subgrid parameter values were found. For 
he Basic model, we optimized the parameters m BH , seed and f E ; 
or ThermalKinetic , the parameters m BH , seed , f E , and f kin ; and
or ThermalKinetic _ var 
T SN , m BH , seed , f E , f kin , and n H , pivot .
n t otal, w e r an ≈ 200 simulations for v arious combinations of the
ubgrid parameters and models. Our main results with r eg ar d to
he calibration are as follows: 

(i) The Basic model fails to produce a good fit to the observed
 = 0 GSMF (Fig. 2 ). The GSMF exhibits a power -la w shape as
pposed to the observed P. Schechter ( 1976 ) shape. Increasing
r decreasing the SN energy, which is described by the subgrid
arameter f E , cannot resolve this discrepancy (middle panel of 
ig. 4 ). 
(ii) The ThermalKinetic model can successfully r epr oduce 

he observed z = 0 GSMF or the observed SSMR separately but
annot fit both relations simultaneously (Fig. 5 ). The fact that
hermalKinetic can provide a good match to the observed 

SMF is a consequence of the ability to combine the large energy
njections of the thermal channel of SN feedback with the low- 
nergy kicks of the kinetic channel (Fig. 4 ). The relative strengths
f the two channels are optimized by the emulators via the pa-
ameter f kin : the model fit to the observed GSMF (SSMR) prefers
f kin ≈ 0 . 6 ( f kin ≈ 0 ), while fitting to both constraints gives an
nt ermediat e value of f kin ≈ 0 . 3 (Fig. 6 ). 

(iii) Adopting a density-dependent heating temperature 
T SN 

the ThermalKinetic _ var 
T SN model) improves the com- 
ined fit to the GSMF and SSMR, while additionally introduc- 

ng a stellar birth pr essur e dependence of the SN energy (the
hermalKinetic _ var 
T SN varf E model) results in excellent 
greement with the observed GSMF and SSMR (Fig. 7 ). 

Having calibrated each model to the observed GSMF and 

SMR, we proceeded to compare the best-fitting versions of each 

odel to a number of observables that were not considered in the
mulator-based calibration: 

(i) The observed z = 0 sSFR and the galaxy quenched fractions
r e br oadly matched by the ThermalKinetic _ var 
T SN and
hermalKinetic _ var 
T SN varf E models, but not by Basic 
nd ThermalKinetic (Fig. 9 ). The SN feedback with a constant
T SN 

of 10 7 . 5 K, which is employed in the latter two models, is
v erly pow erful, leading t o a lack of star-forming gas by z = 0 in
ow- and int ermediat e-mass galaxies. 

(ii) The observed z = 0 cold gas fractions in the 
tellar mass range 10 9 < M ∗/ M � < 10 10 . 5 ar e r epr o-
uced by both the ThermalKinetic _ var 
T SN and 

hermalKinetic _ var 
T SN varf E models for H i , but
nly by ThermalKinetic _ var 
T SN varf E for H 2 (Fig. 12 ).
n addition, ThermalKinetic _ var 
T SN varf E r epr oduces 
he observ ed scatt er for both H i and H 2 . At higher stellar

asses, M ∗ > 10 10 . 5 M �, all four models underestimate the gas
ractions (Fig. 9 ), though, as shown by J. Schaye et al. ( 2025 ), the
greement with the data at the high-mass end can be improved
y using higher resolution. 

(iii) Owing to its stellar birth pr essur e dependence of the en-
rgy in SN feedback, the ThermalKinetic _ var 
T SN varf E 
odel is the only model that provides a reasonably good match
o the observed GSMF and sSFR at z = 2 (Fig. 11 ). 

(iv) Similarly, due to the pr essur e dependence 
f its SN feedback, the cosmic SFRD in the 
hermalKinetic _ var 
T SN varf E model is suppressed 

t high z relative to the other three models (Fig. 10 ). As a result,
he SFRD in the ThermalKinetic _ var 
T SN varf E model 
as a broad peak between 1 < z < 4 and only begins to decline
teeply below z ≈ 1 , which agrees with observations. In contrast,
n the other models, the SFRD is a steeply declining function of 
osmic time already after z ≈ 3 . 

(v) The observed z = 0 relations between galaxy stellar mass 
nd stellar and gas-phase metallicities ar e r epr oduced at M ∗ �
0 11 M � in all four models (Fig. 13 ). 

(vi) The z = 0 masses of SMBHs, as well as their scaling with
he stellar mass of the host g alaxy, ar e consistent with observa-
ions for all four models (Fig. 9 ). This agreement is expected as
he value of the AGN feedback coupling efficiency, ε f , was chosen
 o mat ch the z = 0 observ ed BSMR at the high galaxy masses for
hich dynamical BH mass measurements are possible. Because 
 f primarily affects the normalization of the BSMR but has less
mpact on the GSMF and SSMR, its value was set independently
f the other subgrid parameters and without using emulators. 

Having demonstrated that the best-fitting 
hermalKinetic _ var 
T SN varf E model outperforms its 

hree counterparts with simplified SN feedback, we applied it 
o simulations at two higher colibre resolutions: m6 and m5. 
sing the best-fitting parameter values at m7 resolution as an 

nitial guess, we manually adjusted the subgrid parameter values 
 o achiev e a fit t o the z = 0 GSMF, SSMR, and BSMR at m6 and

5 resolutions that is similarly good as at m7. At m5 resolution,
e found that 
T AGN 

= 10 9 K – the heating temperature used in
he AGN feedback of the ThermalKinetic _ var 
T SN varf E 

odel–r equir es a low BH seed mass ( m BH , seed ∼ 10 3 M �),
ielding a probably unrealistically steep relation between galaxy 
tellar mass and BH mass; otherwise, AGN feedback is e x cessively
tr ong . To allow for a higher m BH , seed without compromising
he fit to the observed GSMF and SSMR, we replaced the fixed

T AGN 

= 10 9 K with a variable 
T AGN 

(equation 20 ). This
hange was applied at all three colibre resolutions to maintain 

onsist ency. The updat ed model (i.e. the modified version of 
he best-fitting ThermalKinetic _ var 
T SN varf E model 
hat uses the variable 
T AGN 

) was established as the fiducial
olibre model. At m7 resolution, the fiducial values of the four
alibr ated subgrid par ameters of SN and AGN feedback are:
 BH , seed = 10 5 . 5 M �, f kin = 0 . 1 , P E , pivot /k B = 8 × 10 3 K cm 

−3 , and
 H , pivot = 0 . 6 cm 

−3 . In relation to both the change in 
T AGN 

and
he extension of the calibrated m7 model to higher resolutions,
 e demonstrat ed that: 

(i) The fit of the colibre fiducial m7 model, which uses a
ariable 
T AGN 

, to the observed GSMF, SSMR, and BSMR re-
ains as good as that of ThermalKinetic _ var 
T SN varf E ,
hich employs 
T AGN 

= 10 9 K and was calibrated using emu-
ators (Fig. 14 ). Additionally, the fiducial model demonstrates a 
imilar level of agreement with observational data that were not 
sed in the calibration (Fig. 15 ). 
(ii) The fiducial m6 and m5 colibre models, both of which 

lso use a variable 
T AGN 

but were calibrated manually, exhibit a
imilar level of agreement with the observed GSMF, SSMR, and 

SMR as the fiducial m7 model (Fig. 16 ). 
MNRAS 548, 1–42 (2026) 
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(iii) At m7 resolution, switching from a fixed to a variable
T AGN 

allows for an increase in the BH seed mass, leading to
ore massive BHs in low-mass galaxies by up to 0.7 dex (right-

and panel of Fig. 14 ). At m5 resolution, the BH mass never
alls below 2 × 10 4 M �, ensuring that the median BH mass grows
moothly with increasing galaxy stellar mass (right-hand panel of 
ig. 16 ). 

Having calibrated the colibre fiducial model at all resolu-
ions, w e proceeded t o inv estigat e the effect of changing indi-
idual subgrid parameters in the fiducial m7 model, including
he parameters that were not optimized by the emulators. We
onfirmed that the lat ter par ameters are either degenerate with
he parameters that were optimized and/or have little impact on
he z = 0 GSMF and SSMR (Figs 17 and 18 ). 

In closing, we stress that calibrating a galaxy formation model
s a numerically demanding process with no guarantee of success.
he fact that the colibre fiducial m7 model fit to the z = 0 GSMF
nd SSMR r epr oduces many observed r elations that wer e not
onsidered during the calibration (Fig. 15 ) is an encouraging re-
ult. Part of this agreement can be attributed to the choices made
uring the development and testing of various physical prescrip-
ions implemented in colibre , including the model for radiative
ooling (S. Ploeckinger et al. 2025 ), the model for dust grains (J.
. Trayford et al. 2026 ), the star formation prescription (F. S. J.
obels et al. 2024 ), the model for metal enrichment and turbulent
iffusion of element mass fractions (Correa et al. in preparation),
he prescription for early stellar feedback (A. Benítez-Llambay
t al. 2025 ), and the model for SN feedback (E. Chaikin et al.
023 ). For a detailed discussion of the performance of the coli-
re simulations at higher resolutions and in larger cosmological
 olumes, w e refer the reader to J. Schaye et al. ( 2025 ), who present
 esults fr om the fiducial colibre models at m7, m6, and m5
esolutions in the largest available cosmological volumes at z = 0 :
00 3 cMpc 3 , 200 3 cMpc 3 , and 25 3 cMpc 3 , respectively. 
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Figure A1. The z = 0 GSMF ( left ) and the z = 0 median SSMR ( right ) for the colibre fiducial colibre m7 model in different cosmological volumes: 
25 3 , 50 3 , 100 3 , and 200 3 cMpc 3 (shown in pr ogr essively darker shades of r ed). The dark-r ed shaded r egion r epr esents Poisson uncertainty for the GSMF 

and the 16 th to 84 th percentile scatter for the SSMR in the largest simulation. Observational data are shown as black squares in the left panel (GSMF 

from S. P. Driver et al. 2022 ) and black circles in the right panel (SSMR from J. A. Hardwick et al. 2022 ), with the grey hatched region indicating the 
galaxy population- wide scat ter fr om J. A. Har dwick et al. ( 2022 ). Despite being calibrated using emulators trained on 50 3 cMpc 3 volume simulations, the 
colibre model shows e x cellent agr eement with the observed z = 0 GSMF and SSMR also in 100 3 and 200 3 cMpc 3 cosmological volumes. 
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P P E N D I X  B :  R E D S H I F T  E VO LU T I O N  OF  T H E  

N E RGY  I N  SN  F E E D BAC K  

n Section 5 , we showed that among the four models with
est-fit ting par ameter v alues identified by the emulators, 
hermalKinetic _ var 
T SN varf E provides the closest 
at ch t o the observational data. A major reason for its

uperior performance over the other three models is the 
tellar birth pr essur e-dependent energy in SN feedback, 
mployed only in ThermalKinetic _ var 
T SN varf E (the 
ther three models use a fixed energy per SN). In this section,
e provide additional details on the pressure dependence in 

he ThermalKinetic _ var 
T SN varf E model and show its 
mpact on the energy released by SNe at different redshifts. 

Fig. B1 compares the best-fitting ThermalKinetic _ 
ar 
T SN (navy-blue) and ThermalKinetic _ var 
T SN varf E 

light-blue) models at m7 resolution in a (50 cMpc) 3 volume. 
he top panel shows the cosmic SFRD, the middle panel 
hows the median energy per CC SN (in units of 10 51 erg) as a
unction of redshift, and the bottom panel shows the median 
tellar birth pr essur e versus redshift. The light-blue shaded 

egions in the middle and bottom panels denote the 16 th to 84 th 
ercentile scatter in the ThermalKinetic _ var 
T SN varf E 
odel. In the middle panel, the thin horizontal light-blue 

otted lines indicate the minimum and maximum allowed SN 

nergies in the ThermalKinetic _ var 
T SN varf E model, 
hile the horizontal long-dashed line marks the average 

N energy across the entire simulation, all in units of 10 51 

rg. In the bottom panel, the light-blue dash–dotted line 
ndicates the value of the subgrid parameter P E , pivot used in 

he ThermalKinetic _ var 
T SN varf E model. 
We find that in the ThermalKinetic _ var 
T SN varf E 
odel, the median CC SN energy increases monotonically 
ith redshift due to the corresponding rise in stellar 
irth pr essur e, as dictated by equation ( 2 ). At z > 2 , the
edian SN energy in ThermalKinetic _ var 
T SN varf E 

ignificantly e x ceeds the constant CC SN energy in 

hermalKinetic _ var 
T SN , resulting in stronger SN 

eedback and causing ThermalKinetic _ var 
T SN varf E 
o agree better with the observed SFRD at these redshifts. 
MNRAS 548, 1–42 (2026) 
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Figure B1. Comparison of the best-fitting ThermalKinetic _ 
var 
T SN (na vy-blue) and ThermalKinetic _ var 
T SN varf E (light - 
blue) models at m7 resolution in a (50 cMpc) 3 v olume. The t op, middle, 
and bottom panels show, respectively, the cosmic SFRD, the median en- 
ergy per CC SN in units of 10 51 erg, and the median stellar birth pressure 
versus redshift. In the middle and bottom panels, the shaded regions 
r epr esent the 16 th to 84 th percentile scatter in the ThermalKinetic _ 
var 
T SN varf E model. For r efer ence, in the middle panel, 
the horizontal light-blue dotted lines mark the minimum and 
maximum allowed CC SN energy values in ThermalKinetic _ 
var 
T SN varf E , while the horizontal long-dashed line indicates the 
average SN energy over the entire simulation, all in units of 10 51 erg. The 
dash–dotted line in the bottom panel indicates the value of the subgrid 
parameter P E , pivot /k B used in ThermalKinetic _ var 
T SN varf E . The 
median SN energy in the ThermalKinetic _ var 
T SN varf E model 
increases monotonically with redshift, causing it to better match the 
observed SFRD at high z compared to ThermalKinetic _ var 
T SN , 
where the CC SN energy is constant. 
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