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ABSTRACT

We measure the projected 2-point correlation function déxjas in the 180 degequato-
rial regions of the GAMA Il survey, for four different red$hslices betweenr = 0.0 and

z = 0.5. To do this we further develop the Cole (2011) method of poiatysuitable random
catalogues for the calculation of correlation function® fvid that more--band luminous,
more massive and redder galaxies are more clustered. Wdidsthat red galaxies have
stronger clustering on scales less thars h~'Mpc. We compare to two different versions
of the GALFORM galaxy formation model, Lacey et al (in prep.) and Gonz#&lerez et al.
(2014), and find that the models reproduce the trend of séoclgstering for more massive
galaxies. However, the models under predict the clustesfrigue galaxies, can incorrectly
predict the correlation function on small scales and undedipt the clustering in our sample
of galaxies with~ 3L*. We suggest possible avenues to explore to improve thes&eclu
ing predictions. The measurements presented in this papebe used to test other galaxy
formation models, and we make the measurements availaliteda facilitate this.

Key words. large-scale structure of Universe, galaxies: evolutiafaxjes: formation

1 INTRODUCTION galaxies have been observed to be more strongly clustergd (e
Norberg et al. 2001, 2002; Li etlal. 2006; Zehavi e al. 20D

The two-point auto-correlation function is a widely useatkistical 2011 Christodoulou et Al 2012).

description of the spatial distribution of galaxies. In gtandard

model of cosmology, the shape of this function is set bothhey t In the higher redshift Universe, smak(1 degd) but deep
mass of dark matter haloes in which a particular galaxy samel spectroscopic surveys have also measured the clusterigajat-
sides, and baryonic processes which can change the spstiddu ies. The DEEP2 survey has been used to demonstrate thatdlie co
tion of galaxies on smaller scales. Its dependence on gal@per- dependence of galaxy clustering is already in place at 1,

ties is well established, at low redshifts, by large areatspscopic whilst within a red or blue sample of galaxies, clusteringnsen-
surveys such as SDSS (York eflal. 2000; Strauss et all 20@R) an Ssitive to luminosity over the rang#).2 < Mp < 21.8 (Coil et al.

2 Degree Field Galaxy Redshift Survey (2dFGRS; Colless|et al 12008). Compared with lower redshift SDSS data, the DEEP2 mea
2001). The amplitude of the auto-correlation function ofaga surements of the clustering of brighter and more massivaxgal
ies is seen to be strongly dependent on luminosity, stellmssm  ies has a larger amplitude than expected from scaling thedow

and colour. At low redshifts, brighter, redder and more rivass  shift measurements using linear theary (Coil et al. 20082tl4l.
2012). This can be interpreted as evidence of significarst &dia-

lution for these galaxies (Coil etial. 2008; Li etlal. 2012hother
* E-mail:dfarron@mpe.mpg.de example of a small area, deep spectroscopic survey is theD@M
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VLT Deep Survey (VVDS), which found a sharp increase in the the semi-analytic galaxy formation modehLFORM, specifically

amplitude of galaxy clustering around the characteristagni-
tude of the sample’s luminosity functian (Pollo et al. 2006YDS
also found, in agreement with DEEP2, that the clustering a$-m
sive galaxies, with stellar mass 10'°5r2Mg, atz ~ 1 can
only be reconciled with lower redshift measurements ifrthés
evolves significantlyl (Meneux etlal. 2008). Results fromthap
small area, deep survey, zCOSMOS, show that this is trueafaxg
ies more massive than 10'°A~2M (Meneux et al. 2009). The

Gonzalez-Perez etlal. (2014) (hereafter G14 model) and/letcd
(in prep.) (hereafter L14 model). We quantitatively congoidue rel-
ative merits of the different versions of tleaLFORM model and
discuss the impact of this on our understanding of galaxgéer
tion. To see a complementary approach, we refer the reaéfalao
mara et al. (in prep.), who fit halo occupation distributioadals
(HOD models; see e.g. Zheng etlal. 2005) to GAMA.
This paper is organised as follows. Secfidn 2 introduces the

VIPERS survey has also found that more luminous and more mas- GAMA data and the galaxy formation model we use, along with

sive galaxies are more clustered at redshift9.6f < 2z < 1.1
than their fainter, less massive counterparts (de la Ta@&|2013;
Marulli et all [201B). More recently, the 9 ded®RIMUS survey
(Coil et all 2011} Cool et al. 2013) has found red galaxiesaree
clustered than blue galaxies, and the relationship betwkester-
ing amplitude and sample luminosity is in place in the reftishi
slices:0.2 < z < 0.5 and0.5 < z < 1.0 (Skibba et al. 2014).

In addition to spectroscopic surveys, surveys relying oo ph
tometric redshifts have also explored the clustering otxjak.

Galaxies with red colours have been shown to have steeper cor

relation functions than bluer galaxiesat~ 0.5 in the 0.78 deg
COMBO-17 survey|(Phleps etlal. 2006), and the 1.5dglira-

details of how we calculate luminosity, mass and rest-fraateur.
Section[B presents our method of generating a random catalog
and measuring clustering. In Sectidn 4 we present our et
fore discussing them and concluding in Secfibn 5. We present
results using units of a fiducialCDM cosmology withQ),, =
0.25, Qa = 0.75 and H = 100h km s™* Mpc™!.

2 DATA AND MODELS
2.1 TheGalaxy and Mass Assembly survey

VISTA survey demonstrated that more massive galaxies are mo The GAMA survey is a spectroscopic and multi-wavelength sur

clustered betweef.5 < z < 2.5 (McCracken et al. 2014). Pho-
tometric surveys have also studied the evolution of galdxg-c
tering. In the 6.96 degBodbtes field Brown et al| (2008) found, at
0.2 < z < 1.0, that red galaxies fainter thaip = 20— 5log,, h
showed no luminosity dependence of the amplitude of thastet-
ing, whilst the converse is true for red galaxies brightemtthis.
Studies in the Bootes field also demonstrated luminous rectiga
display little evolution in the amplitude of their clustegi between
z = 0.5 andz = 0.9 (White et all 2007; Brown et &l. 2008). This
observation, which suggests the clustering of these gadaxiolves
slower than the underlying dark matter distribution, canelze
plained by the removal of highly-biased satellite galaxigsnerg-
ing or disruption [(White et al. 2007; Brown et al. 2008). Vehil
bright, red galaxies display little evolution in clustagistrength
with redshift, fainter galaxies{22 < Mg — 5log, < —19)
have been shown to have a decreasing clustering amplitie &e
z = 0.4 andz = 1.2 in the CFHTLS photometric redshift survey
(McCracken et &l. 2008).

The photometric surveys at high redshift are still fairlyagim

vey of galaxies carried out on the Anglo-Australian telgmco
(Driver et al.l 2011} Liske et al. 2015). In this work we utdishe
main r-band limited data from the GAMA Il equatorial regions,
which consists of a highly complete-(98%) spectral catalogue

of galaxies selected from the SDSS DR7 (Abazajian let al./p@09
haverpetro < 19.8. The older GAMA | survey had a shallower
limit of r < 19.4 in two of the regions. Target fields are repeat-
edly observed in a way that removes biases against close pair
(Robotham et al. 2010), avoiding such biases is ideal fostetu

ing measurements. Star/galaxy separation is based orffieedce
between an object’s model and PSF magnitudes in SDSS DR7 data
and, where UKIDSS photometry is available, the object'saapt
and infrared colours. Further details of the GAMA surveygiven
inBaldry et al. (2010}, Robotham et al. (2010), Driver e{(2011)
and| Liske et dl.[(2015). The data are split over thige< 5 ded
fields centered & (G09),12" (G12) and14.5" (G15) R.A. and
approximatelyy = 0 degrees declination.

(< 10 deg?). A possible exception to the trade-off between large 2.1.1 Redshifts

area and high redshift is the work lof Guo et al. (2014); heee th
authors used the CMASS sample of SDSS to show that clustering

was stronger for brighter and redder galaxies at 0.5. However,
the complicated selection of the CMASS sample limits thesrkv
to a very narrow luminosity and redshift range.

The GAMA spectroscopic survey offers a new window onto

the clustering of galaxies and its evolution with redshifthas
a larger area (the equatorial regions we use to#al deg’) than
the deep surveys but has spectra of much fainter galaxiea@ m

nitudes) than large-area surveys like SDSS. As such it campl

ments both types of survey, by enabling detailed clustemeg-
surements at an intermediate epoch. Whilst our redshiffeawer-
laps with the PRIMUS low-redshift sample, our larger ardaved
us to split the data into finer redshift bins and considerHigg
rarer objects. In this paper we study the projected twotpmirmre-
lation function (2PCF) of galaxies as a function of their Inosity,
stellar mass and colour, in four different redshift binspimder to
fully appreciate any redshift evolution. To aid in the plegdiinter-
pretation of our results we compare them to different versiof

Redshifts for GAMA objects were measured automatically, us
ing the softwareautoz as described in_Baldry etlal. (2014).
Liske et al. [(2015) find).2% of the sample are expected to have
an incorrect redshift. The median velocity uncertaintytaf tnea-
sured redshifts is 2Bm s~ (Liske et al| 2015). The redshifts are
taken from a table called IBSTANCESFRAMESV12 in a GAMA
Data Management Unit (DMU). These redshifts have been cor-
rected for the local flow using the model lof Tonry et al. (2000)
smoothly tapered to the CMB restframe foe= 0.03.

2.1.2 Quality cuts

In addition to the redshift quality cutp@Q > 3, we also
only consider galaxies in regions with completeness greatn
80% using the GAMA angular completeness mask (Driver et al.
2011;| Liske et al. 2015). We additionally only select olgegith
VIS_CLASS= 0, VIS_CLASS= 1 or VIS_CLASS= 255, which
removes objects which upon visual inspection do not show any
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evidence of galaxy light or appear to be part of another galax combined with our method of generating a random catalogase, r
(Baldry et all 2010). moves the need to correct for density evolution (see Seidin
Note that in_Loveday et al. (2015) a different set of paranseiee
favoured. However in Append[xJA we show that adopting the pa-
2.1.3 Magnitudes rametersP? = 1.45 andQ = 0.81, which we took from an earlier
draft of|Loveday et al! (2015), affects the correlation fime in a

GAMA combines data from a large number of ground and space
way far smaller than the errors.

based telescopes and so has a very wide wavelength range, fro The k-corrections are derived from the GAMA DMU

X-ray to radio. In this work we use optical photometry fromS&® . :

DR7 imaging data. To define luminosity samples we use SDSS Pet KCERR—dZOOVtOZ}’ \(Ig(])'jcg W‘?ksl plr_oduged uwglqg(;hoelgne;hoq;ﬁ out
rosian magnitudes (Petrosian 1976), as the GAMA selectsaa u n fove ;{)e a. ‘th' ).de:e ove ayj"zl',él " ) &'Cl_\?"
Petrosian magnitudes. To define colours, and when estignstiit- are found by using the COGEEORRECT va_2 \blanton OWe'S

3, X ) ; i
lar mass, we use SDSS model magnitudes as these are often morgoo‘) to fit each galaxy's,, g, r, i, and z-band SDSS model

suitable for colour terms (see the SDSS DR7 photometry web- magnitudes with SED templates. For many applications the ma

pagél). Following SDSS conventions, we will label model mag- imum redshift at _WhiCh an object fulfils the select_ion ciigeof
nitudes using the letter associated with the bandpass ichwhe the survey,zmax, is needed. For this the k-correction as a func-

magnitude was measured. We took these magnitudes fromiilee ta tion 9f redshift is required for egch galaxy. To enable fanhe
called TILING CATV42 in a GAMA DMU, where they are repli- putation, Loveday et all (2012) fit a 4th order polynomial he t

k-correction of each galaxy as a function of redshift. The dii-
cated. f between thec timates of k-correction and th
GAMA also has a set of magnitudes measured in apertures erence between ORRECTEsimates ot k-correction and the

with a matched size across the different bands (Hill &t al120 polynomial fits to them is less than 0.01 magnitudes for atidsa

these magnitudes have been shown to be superior to model mag_(Loveday et alll 2012). We further speed up the k-correctimn p

; : ; : cess by using average polynomials from McNaught-Robers et
nitudes when calculating a galaxy’s stellar mass usingtsgesn- . ; = 7
ergy distribution (SED) fitting (Taylor et al. 2011). Our gudion of (2014), who computed the median of the Loveday rtal. (2012) k

model magnitudes was in order to avoid the small number 6f fai correcthn polynomials for galaxies in seve, n ") re§t frame
ures whose spatial positions have not been mapped in thetill colour bins, hereafter labellgg — 7)o. The benefit of this is a re-

(2011) catalogue. Model magnitudes have been widely usdd-to du::tlon dml ?'\C/’I'SS mtrg;jlécet? t;y fltttlnlg ;?f: g;laxtyfwnh am:nﬂ
fine colours in SDSS publications, and should be sufficiesefm ual modetiMclvaugni-Roberts etal. )- Rest-frame cslemo

arate red and blue galaxies in this work. (s;(l)llis)tlmated from the individual k-corrections |of Lowadet al.

2.1.4 k-corrections and evolution corrections 215 Stellar mass

To compute Petrosian absolutéand magnitudesy/,. — 5log,, h
(hereafter M, ), from the observed apparent Petrosiaband
magnitudesin,., we apply both a k-correctiork,., and a luminos-
ity evolution correction. The latter correction is necegsa order
to compare a similar population of galaxies across timehasu-
minosity of galaxies evolves. The relation we use is log oM. (h™*Mg) = 1.1540.7(g—1)0—0.4(M; —5logioh) (3)

As well as luminosity and colour, we also want to use GAMA 1
to measure clustering as a function of stellar mass. We @seeth
lation between colour and stellar mass found for GAMA | data b
Taylor et al. [(2011), namely

M, = mr — ke (2) + Q(2 — 2ret) — 5logyo(Dr(2)) — 25, (1) whereM; is the rest framé-band absolute model magnitude and

) o ] o (g — ©)o is the rest frame colour. This relation was found by
whereQ is thﬁ luminosity evolution parametel,, the luminosity  Tayior et al. [2011) from individual estimates of the stelaass
distance im ™" Mpc andz..; is a reference redshift, for whichwe ot GaMA | galaxies, produced by fitting stellar populationnsy

adoptzer = 0.0. The parameterisation of luminosity evolution  hesis models to the optical GAMA data (details in Taylorlét a

we use is commonly adopted in the literature (e.g. Lin =19031 2011). These mass estimates should have a statisticatduracy
Loveday et al 2012). of around 0.1 dex (Taylor et al. 2011). The original relaticsed
At this stage we will also introduce a parameterisation of 4e GAMA matched-aperture magnitudes for the colours, sthie

density evolution common to luminosity function studiefieTP use SDSS model magnitudes. We have tested that this doeschot a
parameter (e.d. Lin etal. 1999: Loveday etal. 2012, andrrefe gjgpjficant biases or scatter to our computed stellar maSbesre-
ences therein) parameterises the density evolution of alatgn sultant offset between our mass-to-light ratios and the atibizing

of galaxies via the GAMA matched aperture colours with Eg. 3 is only 0.01 dex
¢ (2) = ¢*(z = 0)100-4Pz ) with an interquartile range of 0.1 dex and 10% of outliergwaitlif-

ference of> 0.14 dex. Note that the problem Taylor et al. (2011)
where¢™ (z) is the characteristic number density of galaxies atred- discovered with masses using model magnitudes arose duting
shift z. [Loveday et al.|(2012) have fit evolving luminosity func-  SED fitting, not using this colour relation, and were repaotie be
tions to a shallower version of the GAMA data, with a limit of  driven by theu-band, which has no influence on 3. 3.

Tpetro < 19.41n G09 and G15. They find th&) and P are very de-
generate (see also Farrow 2013). In Loveday let al. (2015)tedp
a value of@ = 1.45 resulted in very little need for density evolu- 2.2 Galaxy Formation Models & Lightcones

tion (see also Farrow 2013). We therefore ad@pt 1.45, which 221 ThesALFORM model

We compare our observations to a semi-analytic galaxy ferma
L http:/iclassic.sdss.org/dr7/algorithms/photometrglhaccessed 19/8/14 tion model calledcALFORM. The GALFORM model was first pre-
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sented in_Cole et all (2000), but it grew from a number of pre-
vious attempts to model galaxy formation. These modelssll a
sume galaxies form in dark matter haloes, and then use a@lyt
prescriptions to approximate key galaxy formation proesgg.g.
White & Rees 1978; White & Freik 1991; Kauffmann et al. 1993;
Cole et al! 1994). The firssALFORM model has prescriptions for
the cooling rate of gas in dark matter halos, a star formatoa
based on available cold gas content, the attenuation of@staa-
tion by supernovae feedback and the merging of satellitexgzd

to the main galaxy. (Cole et al. 2000). Many of these predorist
have free parameters, controlling factors like the stiegsuper-
novae feedback, that account for complicated physics tigtdn-
derstood or analytically described. These parametersiaegltsuch
that the model fits a set of observational constraints at alglnift.
None of the models used here were tuned to reproduce chgteri
measurements.

The models require the history of when a dark matter halo
formed and merged, sometimes called a halo’s ‘merger tree’
(Lacey & Colé 1993). For this purpose the models we preseaet he
use an N-body simulation based on the Millennium Simulation
(Springel et al. 2005), but run in the more up-to-date WMABS-c
mology (Komatsu et al. 2011).

2.2.2 Model Lightcones

The positions and velocities of particles in the simulatomoutput
at epochs spaced in expansion factor, hereafter “snagsMiisk
catalogues of galaxies fromALFORM runs on the N-body sim-
ulation are produced using the code_of Merson et al. (2013 T
works by interpolating between the snapshots to find thetiposi
of galaxies when they enter the simulated observer’s lgteci.e.
when the light from the galaxy reaches the observer.

From the simulations 26 realisations of each model were cre-
ated by changing the position and orientation of the virtiad
servelfl. These multiple realisations allow us to improve our under-
standing of sample variance (Sectionl 3.3), and minimiseffest
on predictions by plotting mean measurements from the meeak r
isations (Sectionl4). One downside is the simulation ussdtian-
ited volume,12.5 x 107 (Mpc/h)?, as such the upper-intermediate
and highest redshift slices will over-sample, over 26 szdions,
the simulation by at least a factor of 3 and 8. Note this is thal t
oversampling when you consider a sum over all the realisstian
individual realisation is much smaller than the simulatiox. Also
mitigating this effect is the fact that the location and otaion of
the observer is randomly assigned, in this way repeatedtataes
will be observed at different redshifts and orientatioms] be sam-
pled by different galaxies. In the lower-intermediate refislice
the volume of the 26 realisations is only 4% larger than the si
ulation, which should result in very little oversamplingow the
oversampling affects results will be discussed in latetiges.

and extension of the Bower et al. (2006) model. The Bower.et al
(2006) model added AGN feedback to the Cole et al. (2000) inode
in order to better reproduce galaxy colours, and to decrdase
number of galaxies predicted to lie in the bright end of thaitu
nosity function. The Lagos etlal. (2012) model made the star f
mation rate in the disk of the galaxy proportional to the fi@c

of the gas that was molecular, by using the empirical stam#bion

law of|Blitz & Rosolowsky (2006) (see Lagos ellal. 2011, 2G02,
details).

The update of the G14 model over Lagos et al. (2012) is that it
uses merger trees from WMAP7 cosmology. WMAP7 cosmology
hascs = 0.81, this is smaller than in the WMAP1 cosmology of
Lagos et al.[(2012)Az = 0.9), so free parameters in the physical
prescriptions had to be retuned (Gonzalez-Perez et all) 20w4-
able parameters were adjusted in order for the predictiorssilt
match the rest-framie; and K-band luminosity functions at= 0,
and give reasonable evolution of the UV and K-band lumirosit
functions (Gonzalez-Perez etlal. 2014).

The G14 model converts from star formation history and
the IMF to a spectral energy distribution (SED) using an up-
dated version of the stellar population synthesis (SPS)efrfooim
Bruzual A. & Charlat|(1993).

2.2.4 The L14 model

The Lacey et al (in prep.) (L14) model also combines the imgro
ments to star formation rate calculations made in_the Latak e
(2012) model and the AGN feedback model of Bower &1 al. (2006)
It was also run on the new WMAP7 N-body simulation. Another
difference of the L14 model is its initial mass function (IMAhe
G14 model usesla Kennidutt (1983) IMF for all stars formece Th
L14 model instead adopts a top-heavy IMF in starburstinggal
ies, as developed in, but less extreme than|_the Baugh 2085)
model. This change was motivated to bring the predictiorsubf
mm galaxy number counts into closer agreement with obsenst
(Baugh et al. 2005).

A further difference in the L14 model which could have an im-
pact on clustering predictions is the treatment of mergatglste
galaxies. The models we present here all use an analytiosppr
mation, from Cole et al. (2000), to calculate how long it k@ an
accreted satellite to merge with the central galaxy. Thip@dima-
tion assumes satellites enter the halo on orbits randonhbgteel
from the distribution of satellite orbits given in_Tormen9ary),
before the orbit decays due to dynamical friction. The Cokalle
(2000) method calculates the time for the orbit to decay gusin
the formula for Chandrasekhar dynamical friction in anhgsoinal
sphere given ih Lacey & Cole (1993). The L14 model, on therthe
hand, uses the Jiang et al. (2008, 2014) formula for the tiales
The formula has been empirically modified using N-body simu-

The next sections describe the specifics of the two versions lations in order to account for the tidal stripping of the rating

of GALFORM we consider. A summary of the relevaBhLFORM
models can be seen in Table 1.

2.2.3 The G14 model

ThelGonzalez-Perez etlal. (2014) (G14) model has the sanse phy
ical prescriptions as the Lagos et al. (2012) model, whidtself

2 These mock catalogues will be made available from the ViBpoD
http://icc.dur.ac.uk/data/

haloes. Note that Campbell ef al. (2015), motivated by thekwb
Contreras et al. (2013), additionally develops the modehitk the
positions of accreted subhaloes in the simulation, rathen use
an analytic approximation. We do not attempt modificatianthe
models in this paper as our focus is on presenting and irggngr
the observations.

A final difference between this model and G14 is the adop-
tion of the[Maraston| (2005) SPS model, which differs from the
Bruzual A. & Charldt (1993) model in its treatment of therigal
pulsating asymptotic giant branch stars (TP-AGB). Theasssire
important in the near-IR. The near-IR corresponds tortlaadi-
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Table 1. Summary of the differentALFORM models mentioned in this paper.

Model Parent Model Cosmology Key Features

Baugh et al. (2005) Cole et al. (2000) WMAP1 Different IMFsstarbursting galaxies.
Bower et al (2006) Cole et al (2000) WMAP1 AGN feedback in logtatic haloes.
Lagos et al (2012) Bower et al. (2006) WMAP1 New star formmataw accounting for

G14: Gonzalez-Perez et al (2014)
L14: Lacey et al (in prep.)

Lagos (2012)

Baugh et al (2005) & Lagos et al @01 WMAP7

fraction of hydrogen in molecular state.
Updatschology.

Combines varying IMF

and new star formation law.

WMAP7

bands we use for luminosity and colour measurements (Marast
2005).

Note that the version of the L14 model we use is slightly dif-
ferent to more recent versions of the Lacey et al (in prepdeho
The differences are tiny, however, and should not have apydtn
at the redshifts we consider.

2.2.5 Model Stellar Masses

We take stellar masses from the model, but rescale them by
0.702 (the model cosmology) in order to convert the physical units
of the model Myh ™!, to the units of the observationsfoh~2.
Mitchell et al. (2013) demonstrates that applying broadebS8ED
fitting to model galaxy photometry can give a biased estinoéte
the true model galaxy’s mass. In order to investigate whaicef
this may have we show the inferred mass, fromEq 3, against the
true model mass in Fi@l] 1. In G14 the relation between true and
observed mass has a gradient, leading to smaller massegsdysin
tematically under-predicted by the model. Red galaxieslia &nd

to be affected by this more than blue galaxies. In L14 theediff
ences in mass have a larger scatter, the blue galaxiesheml a
gradient but the inferred mass is now generally an overigtied

of the true mass. The scatter between the inferred and tras ima
also larger for the L14 model. Applying the colour relatioretsti-
mate mass, as compared to using the true mass, can caushéoth t
masses and the typical colours of galaxies to change in thplea
Campbell et gl (2015) demonstrate these differences ¢act dfie
clustering signal, with the effect being particularly medkfor the

L14 model. In this paper we take the model masses at face,value
except for a small adjustment explained in $ec. 2.3.3. Weudis

the possible effects of this when interpreting results.

2.2.6 LiteratureGALFORM comparisons

The GALFORM model has been compared to a variety of observa-
tional measurements, including those made from this GAMA-sa
ple. Indeed several of theALFORM models were created to ad-
dress a disagreement with observations. For example, Kah et
(2009) compared the Bower et al. (2006) and Fontlet al. (2008)
models to 2dFGRS data and found that the model predictians fo
the dependence of clustering on luminosity were not sufgss
reproduced. Kim et al. (2009) also found that the model hagex
small scale clustering. The authors put this down to the Bawal.
(2006) model having too many satellite galaxies.

In support of this, McNaught-Roberts et al. (2014) compares
the luminosity function as a function of environment of the
Bower et al. [(2006) mocks to those of GAMA galaxies, and finds
an excess of faint, red galaxies in the model. Robotham et al.
(2011) additionally found an excess of high-multiplicit§0( or
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Figure 1. The inferred mass, from the Taylor et al (2011) colour to mass
relation, versus the true mass of mock galaxies, for the &) and L14
(bottom) models. The red and blue points represent red areldalaxies,

as selected by our colour cuts (SEc]2.3). The contours aedpevenly

in log-space, betweenx510% and 50<10* galaxies dex?. Inferring the
mass using observational relations, rather than usingrtieerhodel mass
can make a significant difference and is in this context mddpkendent.

more galaxies) groups in the Bower et al. (2006) model coetpar
to the GAMA data.

Campbell et 8l./(2015) combine SDSS and VIPERS measure-
ments with the ones presented here to compare the clustgfring
galaxies as a function of stellar mass to that predicted bgrizty
of GALFORM versions, across several different epochs. They find
good agreement between the models and data, but in order to fit
small scale clustering they have to adopt a new, hybrid mfadel
satellite orbits. In this model satellites follow resolveub haloes
and an analytic merger timescale is only computed once the su
halo is lost.

Their paper focuses on how different methods of estimating
stellar mass affect clustering measurements; our papes tdie
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complementary approach of comparing a wider range of galaxy
properties. In addition, our paper utilises the lightconadeiling
ofIMerson et al.[(2013), whilst Campbell ef al. (2015) usester-

ing of galaxies in a single, constant cosmic time, snapshot.

2.3 Sample Sdlection
2.3.1 Redshift slices

We want to study the evolution of galaxy clustering with laws-
ity, mass, colour and redshift. One approach to this is tovaese
ume limited samples, which are characterised by a uniforracde
tion probability across the sample volume. However, voluime
ited samples reduce the amount of data available for the/sesl
so we also consider magnitude-limited samples. In ordeo tihid,
we ensure the survey’s radial selection function is propedalt
with by the random catalogue (see Secfiod 3.1). Using madgit
limited samples means interpreting the results requiresidera-
tion of the selection function, but offers the most powetédt of
the model. We separate all of our mass, luminosity and cclaon-
ples into four redshift bins: low-4).02 < z < 0.14, intermediate-
z,0.14 < z < 0.24, upper intermediate-4).24 < z < 0.35
and high-z,0.35 < z < 0.5. The volumes of these slices are
1.2 x 10° (Mpc/h)?, 5.0 x 10° (Mpc/h)?, 1.3 x 107 (Mpc/h)?
and3.7 x 107 (Mpc/h)® respectively.

In order to help differentiate between selection effectd an
galaxy formation effects, we also produce samples with upgmk
shift cuts that have been decreased in order to make the s@sipl
sentially volume limited (comprise of at least 98% of gadsxivith
maximum observable redshifts greater than the sample)]ﬂnit

2.3.2 Luminosity, mass and colour cuts

Luminosity samples are produced from E§. 1 with the measured

SDSSr-band DR7 Petrosian magnitude used to calculate the ab-

solute magnitude in the-band, M, ;. lLoveday et al.[(2015) mea-
sures the luminosity function, and finds the characteri$tiee”

of the function atM, = —20.6; past this magnitude the num-
ber density of galaxies rapidly drops. This characteristégnitude
liesin our—21.0 < M, < —20.0 sample, and we measure one
sample of galaxies brighter than this and three fainter.

Stellar mass is more complex to compute from observations,
but is less complicated to predict from models. We use mass bi
of 0.5 dex in size, except for the lowest mass sample, where we
increase the bin limits to have more galaxies. Baldry ei201P)
found for GAMA data at: < 0.06 that the characteristic knee of
the mass function is at/* = 10'°-**Mg /h?. This characteris-
tic mass falls into our middle mass bin, we use two samples les
massive and two samples more massive than this.

In addition to luminosity and mass samples, galaxies are di-
vided into a red population and a blue population. The cotifur
a galaxy is often used as a rough proxy for the age of its stella
population, with galaxies undergoing star formation gatgtbe-
ing expected to be bluer. It is therefore interesting to wthdw

3 Applying the same cuts to the mock catalogues leads to arlémae
tion of some mock samples being magnitude limited, at wdrsesblume-
limited fraction is 89%. Clustering from a mock cataloguesamples even
more magnitude-limited than this (as low as 78%) show noifsigimt dif-
ferences with the clustering from the same mock with a deapparent
magnitude cut < 21). We will therefore treat the mock measurements as
volume limited.

clustering differs as a function of colour. In Flg. 2 we shdve t
colour-magnitude diagram for our flux limited  19.8) sample
of galaxies. We use a sloping cut with a gradient of 0.03pfwihg
the typical literature values (e.g. Bell etial. 2003),

(g— 7)o = —0.030 % (M., — M) +0.678  (4)

The intercept of this cut is such that there is an equal factif
red and blue galaxies. We also show in iy. 2 a volume-weifjhte
colour-magnitude diagram. We see that the volume we ob$arve
an obvious blue cloud, made up of faint galaxies, which is lgs
parent in the observed colour-magnitude diagram due tctiabe
effects. The colour cut also separates the red sequencelaad b
cloud in the volume-weighted diagram.

A summary of our cuts and the properties of our samples is
given in TabldD.

2.3.3 Cuts and adjustments to the models

When comparing the actual clustering of galaxies to modeds w
want to uncover differences in how dark matter haloes areipop
lated. If we were to apply the same cuts on the models and tae da
we may get samples with very different number densities;esin
the luminosities or colours may be incorrectly predicteactSdis-
agreements are better explored by comparison of modelqicus

to other observational measurements like stellar massifuns; or
colour distributions. In order to focus on the spatial dlsttion of
comparable galaxies in the models and simulations, mockxgal
samples are often selected to have matching number dentsitie
galaxies in the real comparison sample (e.g Berlind et 80320
Zheng et all. 2005; Contreras etlal. 2013). We therefore attjes
magnitudes of the mock galaxies in order for the luminositycf
tions of the mocks and data to match, in each of our four rédshi
slices.

First we estimate the galaxy luminosity function of the: 21
unaltered mock magnitudes. We then reassign each galaxein t
mock a magnitude designed to map number densities in the un-
altered mock luminosity function to the appropriate magphit in
the data luminosity function. We do this by computing the niag
tude difference between the cumulative mock luminositycfiom
and the cumulative data luminosity function at the same dative
number density. This forces the mock and data luminositgtfans
to agree. The faint end of the real luminosity functions esuffom
incompleteness, as the different k-corrections of thexgedare-
sult in a colour dependence on which galaxies reach the eppar
magnitude limit. In order to avoid this we estimate the caetelu-
minosity function of real data in the three higher redsHiftes by
switching to the low-redshift real luminosity function pése point
where colour-dependent completeness effects become tiampor
The amplitude of the low-redshift luminosity function isaged to
ensure a smooth join with the higher redshift one. The mot&-ca
logue then has an < 19.8 apparent magnitude limit applied to the
shifted magnitudes.

We apply the same k-correction polynomials to the mocks, but
adjust the limits of the colour bins. This is to ensure thetfom
of galaxies in each colour bin is the same as in the data. Bhank
to this adjustment, applying the apparent magnitude liesutts
in a mock catalogue with close to the same selection funa®n
the real data. This is important as many of our samples ara@imag
tude limited. Unfortunately, unless the mocks have the szotoair-
magnitude distribution as the data, it is impossible to gty
model the selection function even with this technique otistilpg
the mock k-corrections. This is because the magnitudeilalision
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Figure 2. A restframe colour-magnitude diagram for the real GAMA gada and for the mock galaxies, as labelled. The top righepgives the volume-
weighted colour-magnitude diagram for the real GAMA gadaxiThe red dashed lines shows our cuts to define red and Iohpesaof galaxies, this cut is
different for each model and the data (see Se¢fion12.3.3}stadram of colours has been added to the right of each p@oatour levels are spaced linearly,
the colour scale is the same in each of the colour-magnitiagaims, except the volume weighted one. The contours veenguated from a binned version
of this plot, smoothed with a Gaussian filter.

within a colour bin varies between real and mock data. Thesesas  moved the unrealisticALFORM assumption that all gas is removed

of the mock galaxies are rescaled to preserve the same mass-t from satellites as soon as they accrete onto a halo. By ingiem

light ratio. Also note the mock catalogue is fit with the safand ing a more realistic model with more gradual removal of gassioy

Q as the data. pressure stripping they found satellites could form starddnger
after being accreted, and ended up with colours betweerethend

_We will now describe the cuts for colour selected §amp|e§. blue sequence. However, the G14 and L14 models do not include
In Fig.[@ we can see that both models reproduce the bimodality any gradual ram pressure stripping

of galaxy colours, but both predict a well-defined blue claowd

seen in the data. Note that whilst the data is flux limited, mea Looking at the models in more detail, we see the L14 has ared-
ing faint galaxies may be lost, this selection effect is uded in der blue cloud than the G14 model. This is expected as thiemod
the model lightcone. One suggestion of how to improve thekmoc uses the Maraston (2005) SPS model which has stronger Rear-I
galaxy colours was given |n Font et al. (2008); here the asthe emission for young stellar populations. We use the sameeagrad
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as the data for the cut, and select the intercept in ordeprodece
the observed fraction of red and blue galaxies. For the L1deho
this intercept it 0.548, for the G14 model it is 0.498. Frorg.&
we can see that the cut applied to the models clearly sepatate
red sequence from the blue-sequence mock galaxies.

In Table[B2 and Tablg B3 in Appendix] B, the sample sizes
and properties for one realisation of GAMA are given for the t
models.

2.3.4 Comparison samples

In addition to the samples we have described, we also produce
sample with which to compare our results to Zehavi et al. 1201
In order to make the comparison samples as similar as pessibl
we use magnitudes corrected 4; = 0.1 and use the redshift
cuts stipulated in_Zehavi etlal. (2011). These magnituddisbei
labelled with the superscript ‘0.1’. Unfortunately, thehégi et al.
(2011) redshift cuts greatly restrict the volume of our synAs
such, only two of the Zehavi etlal. (2011) magnitude bin saspl
—22.0 < MJ} < —21.0 and—23.0 < M.} < —22.0 have a
large enough volume in GAMA for worthwhile comparison, hayi
volumes 0.2 x 10° (Mpc/h) ~3 and1.6 x 105 (Mpc/h) 3 respec-
tively. The redshift cuts for the fainter magnitude binsutes ex-
tremely small volumes in GAMA (less thdnl x 10° (Mpc/h) ~3).

We also produce a series of volume-limited samples with
which to compare to SDSS, using deeper redshift cuts appropr
ate to GAMA's fainter selection limit. These samples arduded
in Table[2.

3 METHODOLOGY

In this section we will introduce our method to produce rando
catalogues, before explaining how we compute the 2RGE;,).

3.1 Random catalogues
3.1.1 The Cole (2011) method

To measure clustering one needs a random set of points véth th
same radial and angular selection function as the data. \We ge
erate catalogues of random positions using the method $eéh ou
Cole (2011), which generates random catalogues from thelaea

in a way that removes the effects of the large-scale streciive
use the Cole (2011) method without the complications of the e
tended method designed to fit a parameterised evolution Inmde
the galaxies. For each galaxy in the catalogue the maximum vo
ume of space over which it could be observed,.x, is calculated
by finding zmin and zmax, the redshift where a galaxy meets the
bright and faint magnitude limits of GAMA II. In addition tGmnax,

a density weighted maximum volume, .« 4., is calculated as

Zmax dv
Vmax,dc - / A(Z)Edz (5)

min

whereA(z) is the over-density as a function of redshift atid/dz

is the comoving volume element per redshift element. Gihese
volumes, every real galaxy in the catalogue is clometimes,
wheren is given by

Vm ax

N = Nclones

6
Vmax,dc ( )

With nciones being the total number of randoms divided by the num-
ber of galaxies in the sample. Our default random catalobaes

nelones = 400. When cloning the galaxy, all of the intrinsic galaxy
properties are also cloned, so that the random points hatel-a s
lar mass, an absolute magnitude and a colour. The clonegiegla
are randomly distributed within the real galaxys..x, with the
GAMA angular mask used to ensure the angular selectionifumct
of the cloned galaxies matches that of the real galaxies.

This method requires the estimation & z), which is done
using an iterative method. Initially it is assumé&dz) = 1 every-
where such that each galaxy is cloned the same number of.times
From this random catalogué\(z) is estimated from the redshift
distribution of the randomss.(z), and the datapg(z), using

ne(2)
ne(z)
A new random catalogue is then produced with this new estimat
of A(z), and the whole process repeated uAt{l) converges. We
iterate 15 times, and find this is more than enough iterafiomihe
process to converge.

An added bonus of this method is that tiga.x 4. can be used
to easily estimate the luminosity function (Cole 2011). We this
technique when estimating luminosity functions for thegose of
adjusting mock galaxy magnitudes to match the abundanceabf r
galaxies. A study of the luminosity functions of GAMA galasi
from this estimator is given in Loveday et al. (2015).

@)

A (Z) = MNclones

3.1.2 Windowed Clones

As previously mentioned, the creation of this random cafiadore-
quires that one adopt a certain valugp(Eq.[1). Additionally, our
choice of@ is motivated by our decision not to consider evolution
in the overall number density of galaxies. It may be the chaé t
our chosern® is not true to the data, or some density evolution is
present in the sample. To mitigate possible effects frosmia add

a new technique to the Cole (2011) method.

The key idea of this method is to restrict the redshift of eldn
galaxies to some window function around the redshift of thigi-o
nal galaxy. Evolution is therefore included naturally ie ttatndom
catalogue, as cloned galaxies are kept close to their atiged-
shift. Hence the error introduced by the inadequacy of thugtatl
P and @ model is limited. We choose to define our window as a
function of volume W (V); this is because volume is most closely
related to the expected fluctuations in the gal&xy). With a win-
dow defined in terms of volume, the(z) is smeared out more in
the sample variance prone, low-redshift part of tt{e) and less
at higher redshift. We adopt a Gaussian window functionhwit
o = 3.5 x 10°(Mpc/h)?, truncated aRo. We found this to be
a good compromise between limiting the effects of evolutod
smoothing out large-scale structure. We also include thiglow in
the computation 0¥ max andVinax.ac, by weighting volume slices
by the window when numerically computing the integral. Witesn
window function reaches a boundary, either the.x of an object
or the limit of the survey, it is reflected from that boundanyoi-
der to ensure the randoms are scattered symmetricallysatites
volume. Simply truncating the window at a redshift limit wdu
result in randoms being artificially more likely to be moveday
from the limit. This method will be further explored, alongthv
the choices of, in a future paper. We will, however, demonstrate
one success of the method here empirically. In Hig. 3 we shew t
redshift distribution of GAMA cloned galaxies, for differebins
of the original galaxy redshift. In the top panel of Hif). 3 vemsee
that cloned galaxies are spread widely across the full igdahge
of the survey. In the bottom panel of Fld. 3 we can see that the
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Table 2. Different galaxy samples, sample sizes and median pregeffihe subscript ‘med’ indicates the values are mediamaptea with redshift limits
marked with asterisks are magnitude limited, so shouldédmtdd with careful consideration of the GAMA selection fiime. In samples without an asterisk
at least 98% of the members are volume limited. Values inketacare rms scatter.

Sample Zmin Zmax Ngals Zmed J‘/lmcd 10g10(1\/l*/1x1®h72)mcd (g - T)O,mcd
—18.00 < M, p, < —17.00 0.02 0.07 2089 005 -17.46(0.28) 8.62 (0.29) 0.42 (0.20)
0.02 0.14* 5666 0.08 —17.62(0.27) 8.67 (0.33) 0.41 (0.19)
—19.00 < M, p, < —18.00 0.02 011 6950 0.09  -18.47(0.29) 9.13(0.31) 0.47 (0.21)
0.02 0.14* 13149 0.11 —18.54(0.27) 9.15 (0.31) 0.47 (0.19)
0.14 0.24* 3307 0.15 —18.85(0.13) 9.26 (0.28) 0.46 (0.16)
—20.00 < M,., < —19.00 0.02 014 11741 0.11 —19.47(0.29) 9.74 (0.29) 0.62(0.17)
014 017 7801 0.16  -19.46(0.29) 9.74 (0.31) 0.60 (0.22)
0.14 0.24* 27755 0.18 —19.59(0.27) 9.79 (0.32) 0.59 (0.20)
0.24 0.35* 2834 0.26 —19.90(0.10) 9.81 (0.38) 0.45 (0.18)
—21.00 < M,., < —20.00 0.02 014 6945 0.11 —20.40(0.28) 10.24 (0.25) 0.71 (0.15)
0.14 024 22327 0.20 —20.39 (0.28) 10.27 (0.28) 0.70 (0.15)
0.24 0.35* 37541 0.28 —20.55(0.27) 10.39 (0.28) 0.68(0.17)
0.35 0.50* 3593  0.37 —20.86(0.14) 10.42 (0.28) 0.55 (0.16)
—22.00 < M,., < —21.00 0.02 014 1843 0.12 —21.27(0.25) 10.67 (0.19) 0.74 (0.11)
0.14 024 5865 0.20 —21.28(0.25) 10.70 (0.21) 0.74 (0.13)
0.24 035 15353 0.30 —21.29(0.25) 10.78 (0.23) 0.74 (0.17)
035 037 3168 0.36  -21.28(0.25) 10.82 (0.23) 0.74 (0.14)
0.35 0.50* 16114 0.40 —21.42(0.27) 10.86 (0.28) 0.73(0.22)
—23.00 < M9} < —22.00 0.01 050 2273 0.37 —22.25(0.19) 11.26 (0.28) 0.79 (0.18)
—22.00 < M9} < —21.00 0.01 0.38 23746 0.29 —21.36(0.25) 10.79 (0.23) 0.74 (0.15)
—21.00 < M9} < —20.00 0.01 0.26 33965 0.20 —20.47(0.28) 10.31 (0.28) 0.71 (0.16)
—20.00 < M2} < —19.00 0.01 018 22487 0.14 —19.53(0.29) 9.78 (0.31) 0.62 (0.19)
—19.00 < M9} < —18.00 0.01 012 8129 0.09 —18.52(0.29) 9.16 (0.31) 0.48 (0.21)
8.50 < log;g M« /Mgh™2 < 9.5 0.02 0.05 1049 0.04 -17.95(0.72) 8.88 (0.28) 0.46 (0.15)
0.02 0.14* 18533 0.10 —18.42(0.59) 9.07 (0.27) 0.44 (0.13)
0.14 0.24* 8472  0.17 —19.19(0.33) 9.32(0.16) 0.39 (0.10)
9.50 < log;y M« /Mgh=2 < 10.00 0.02 014 10053 0.11 —19.43(0.47) 9.74 (0.14) 0.66 (0.12)
0.14 0.24* 19173 0.18 —19.64(0.37) 9.79 (0.14) 0.56 (0.12)
0.24 0.35* 5331 0.27 —20.11(0.25) 9.84 (0.13) 0.41 (0.11)
10.00 < log;g M+« /Mgh~2 < 10.50 0.02 014 7385 0.11 —20.28 (0.44) 10.21 (0.14) 0.73(0.12)
0.14 018 7749 0.16  -20.25(0.43) 10.21 (0.14) 0.73 (0.09)
0.14 0.24* 23216 0.20 —20.24 (0.40) 10.22 (0.14) 0.72 (0.10)
0.24 0.35* 23584 0.28 —20.48(0.29) 10.32 (0.14) 0.63(0.12)
0.35 0.50* 3132  0.38 —20.92(0.26) 10.36 (0.13) 0.48 (0.10)
10.50 < log;o M+« /Mgh~2 < 11.00 0.02 014 2189 0.12 —21.15(0.38) 10.65 (0.12) 0.76 (0.10)
0.14 024 8018 0.20 —21.10(0.38) 10.65 (0.13) 0.76 (0.09)
0.24 029 9968 027  -21.00(0.38) 10.66 (0.13) 0.76 (0.09)
0.24 0.35* 24416 0.30 —21.02(0.35) 10.68 (0.13) 0.75 (0.09)
0.35 0.50* 11800 0.38 —21.31(0.26) 10.78 (0.14) 0.69 (0.12)
11.00 < log;g M+« /Mgh™2 < 11.50 0.24 035 2572 0.31 —21.86(0.38) 11.10 (0.10) 0.80 (0.15)
0.35 0.37 698 0.36  -21.74(0.35) 11.11 (0.11) 0.82(0.12)
0.35 0.50* 5962  0.41 —21.81(0.29) 11.14 (0.12) 0.82(0.11)
Red 0.02 0.14* 15842 0.11 —19.61(1.12) 9.98 (0.54) 0.73(0.17)
(9 — 7)o +0.03(M,;, — M*,) > 0678 014 0.24* 29686 0.19 —20.16(0.70) 10.26 (0.35) 0.75 (0.14)
0.24 0.35* 30465 0.29 —20.81(0.50) 10.62 (0.29) 0.76 (0.15)
0.35 0.50* 11461 0.39 —21.51(0.39) 11.00 (0.29) 0.80 (0.23)
Blue 0.02 0.14* 26437 0.10 —18.61(1.21) 9.11 (0.62) 0.44 (0.12)
(9 — 7)o +0.03(M,,, — M*,) <0.678 0.14 0.24* 29906 0.19 —19.77(0.67) 9.74 (0.42) 0.51(0.11)
0.24 0.35* 26227 0.29 —20.56(0.49) 10.26 (0.35) 0.56 (0.12)

0.35 0.50* 10122 0.39 —21.22(0.39) 10.61 (0.30) 0.58 (0.12)
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Figure 3. The distribution of the final redshifts of the random poirits,
bins of their initial redshift, for a random catalogue foe tieal GAMA data,
generated without (top) and with (bottom) the window fuoctupdate. The
window function update acts to limit how far a cloned galaay cmove from
its initial position. This in turn limits the effects of anynmodelled galaxy
evolution on the random catalogue.

addition of a window function has limited the redshift rarmesr
which a cloned galaxy can move. As such it has limited thectsfe
of deviations of the evolution away from the descriptionegivby
the adopted values d? andQ.

This windowing method requires further testing and tuntog,
see how successful it is in removing the effects on the ranchta:
logue from unmodelled galaxy evolution. However, for thisriv
we show in AppendiX”A that the windowing affects our results
much less than sample variance.

3.1.3 The resultant catalogue

We show in Fig[# (top) the redshift distribution of the dateda
the randoms for different iterations of this process. Wetbatus-
ing the density-corrected maximum volume (olive and blushed

line) only introduces subtle differences into the(z) of the ran-
doms, as compared to simply usifigh.x (red dashed line). The
twelfth iteration (blue) and the fifteenth iteration (olj\egree; this
indicates the process has converged. ®he) of the randoms is
a good fit to theng(z) of the total sample; later we will check
the randomn.(2) is appropriate for galaxies split into magnitude,
colour and mass samples. Note that it does appear that ttierman
catalogue slightly follows the under-densityzat- 0.22; we found
this was not the case when not using the window function and as
such claim this is an unfortunate side effect of the modificato
the method (Farraw 2013). We have, however, tested ourecingt
results using randoms from the old and new methods, and owly fi
small differences that are at large scales. These diffesence a
fraction of the error bars, and as such our results will nagigsif-
icantly affected.

In Fig.[4 (Bottom) we plot the over-density estimate, [Hqor, f
successive iterations of our random catalogue generatéthad.

As expected, the iterations act to slightly increase the-deasity
estimates, as the Cole (2011) method acts to remove theicteff
from the random catalogue. This method of generating rasdom
ameliorates the effects of large-scale structure on thergéon of

a random catalogue, as over-represented galaxies frorrdevse
regions are cloned fewer times whilst under-representéakigs
are cloned more times. Cble (2011) demonstrates how thesseh
can produce a random catalogue unbiased by large-scabéusau

A strength of this approach to generating randoms is thatahe
dom catalogue comes with all of the properties of the galatg-c
logue. One can then apply the same selection to the randan cat
logues and the galaxy catalogues so that the random ca¢ahazu
the correct angular and radial distribution. We intend t&entese
random catalogues available to the GAMA community via a DMU,
which we also intend to distribute to the larger astronoioan-
munity once the GAMA data become public.

In Fig.[3 we show the redshift distribution of the randoms and
GAMA data, split into samples. We see for the luminosity, snas
and colour samples we study the random redshift distribug@n
excellent fit to the data.

3.1.4 Randoms for the Mocks

We apply the same techniques to generate randoms for the mock
catalogues. This technique is applied first to the originatkcat-
alogue with unadjusted magnitudes anet 21.0, in order to esti-
mate the mock luminosity function. The technique is appéigdin

to the mock catalogue with adjusted magnitudesard 19.8, to

yield the final random catalogue. We find that the resuliga) of

the randoms are a good fit to the mock catalogues.

3.2 Projected clustering

We measure the 2PCF of galaxies using pairs of galaxies and ra
doms with the Hamilton (1993) estimator. Following the sl
approach adopted in the literature (e.g. Coil et al. 2008)vea-
sure pair separations parallel, and transverse;,, to the line of
sight for each pair. These are computed by first convertiegatix
gular position and redshift of each object to a vectoWe then
define a line-of-sight direction to a pair hs= (r1 + r2)/2, where

r1 andrz are the positions of the two pair members. The parallel
to the line-of-sight distances, is the projection of the separation,
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Figure 4. (Top) The redshift distribution of GAMA Il galaxies (solid) and orandoms (dashed) for multiple iterations of the Cole (30&hdom catalogue
generating approach (see legend), combined with our wirfdaation modifications, as explained in Section 4.3.2. Tédshift distribution of the randoms
is a good match to the datéBottom)Our estimates of the galaxy over-density as a function o$hi#tl from the ratio of the galaxy and random redshift
distributions. The error bars are from the rms scatter oRhenock realisations, as such they account for the largle-staucture variations. Note these error
bars may be underestimates, as the mock realisations awgls the simulation volume at high redshifts.

s = r2 — r1, onto the line of sight is a standard approach for dealing with redshift space istrs,
s-1 which involves integrating (rp, 7) along ther direction to min-
= N (8) imise their effects, thus
The separation transverse to the line of sight is then wp(rp) = 2/ E(rp,m)dm. (20)
0

rp = /|s|* — 7. ©) In practice this integral is carried out numerically usingro

Pairs are binned onto a grid af and r,,. In order to maximise  &(7p; 7) grid. The choice ofrax warrants careful consideration.
signal-to-noise ratio we use a mixed linear and logarithbiie Ideally, one would use the largest possible valuergf. to in-
ning scheme. Bins are linear with 0.0625 'Mpc width up to clude most of the 2D clustering signal, and because theatiti

0.3 h~'Mpc, and are 0.12 dex in size for bins larger than that. the effects of redshift space distortions are only remofgdu in-
Whilst we generate 400 times as many random points as the datategrate out to infinity. Unfortunately, in real surveys moefects

when computing clustering we use betwe@fones = 32 and the measurements, and measurements for large valugs.Qfcan
X nes i i . . . 1
Netones = 200 times more randoms than data, the number varies in Pe particularly noisy. We a_dop_t a value of..x = 41 Mpch
order to maintain good statistics for the samples where atexges for our measurements, which is a reasonahig.. value to con-
only sparsely populate the volume. sider for the scales analysed (see e.qg. Fig. 1 of Norberg 2009).

It is well known that the measured correlation function is-di ~ For the Zflhav' etal: (2011) comparison sample we tisg. =
torted by the peculiar velocities of galaxies. On largeldesghe 60 Mpch ™, which makes our measurements noisier but matches
infall of galaxies squash the observed correlation fumctiothe the.Zehavi et &l (201 max.
line-of-sight direction|(Kaisér 1987). On small scales\hial mo- _The results of Ed. 10, withmax = oo, can be calculated an-
tions of galaxies within clusters can elongate the coriiafunc- alytically for a spherically symmetric power law corredatifunc-

tion along the line of sight (Jacksbn 1672). These distostisave 1o, &(rp) = (rp/r0)~ ", wherero andy are constants. The result
been studied in the GAMA data by Loveday et al (in prep.) and 'S
Blake et al.|(2013); in this work we focus instead on the prigd ro\” T(1/2)T((y —1)/2)

wp(rp) =71p | — (11)

correlation function,w,(r,). The projected correlation function o I'(~/2)
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Figure 5. The redshift distribution of the data (solid lines) comphie the
redshift distribution of the randoms (dashed lines), fdfedent samples
as indicated in the legend. Vertical dotted lines mark thsitmms of our
redshift cuts. The randoms provide an excellent descrigifche data.

wherel is the Gamma Function. We will fit EG. 111 to some of our
samples in Sectiop] 5 in order to measure correlation lengths
As a power law is not a good fit over the whole 2PCF we restrict
the fit to the scale®.2Mpch™ < 7, < 9.0Mpch™'. To fit
we adopt a least-squares minimisation method using theodédg
terms of the covariance matrix. To check how the variatiory of
could influence the derived value af, we also fit power laws with
a fixedy = —1.8. All of the measured values are given in the
Appendix in TabléBTl We see only a small difference between the
best fittingro values wherey is free to vary and where = —1.8.
The difference is not large enough to affect our conclusions
When plotting clustering, we often include a reference powe
law line or divide through by this reference power law.s, to
allow easier comparison between plots. We usel_the Zehali et a
(2011) power law fit to their-21.0 < M;; < —20.0 sample for
this purpose, which hag = 5.33h~! Mpc andy = —1.81.
The clustering results in this paper have been cross-cHecke
numerous times to great accuracy against independeneghgst
analyses.

3.3 Error estimates

To compute error bars on our clustering measurements for GAM
data, 9 jack-knife samples (elg. Zehavi et al. 2002), 3 pgiore
are formed by rejecting roughly equal-area regions of datam
this method, the covariance matii;, is calculated, the square-
root of the diagonal terms of which give the error bars. Warkhs
as Guo et all (2014) show that with large surveys like SDS&gel
number of jack-knife resamplings-( 100) can give reliable esti-
mates of the covariance matrix. Our smaller area, necéagita
smaller number of jack-knife regions, means we should &urtbst
our covariance matrix estimates.

We also test how unbiased using jack-knife errors is for our
sample. For this we utilise the 26 realisations of each mautet
ated by considering different lightcones through the satiah.
These estimates of the error should be more realistic, gsaitee
built from a series of lightcones which together sample gdavol-
ume than the GAMA data, even though they are drawn from a sin-
gle simulation. This latter fact implies that the mock esrehown
are likely underestimates of the true sample variance, tasasd
from an series of lightcones constructed from independiemi-s
lations. We computed the jack-knife errors, for a single knand
the root mean square (rms) scatter between the differdigatans
for all of the samples selected on mass. In Elg. 6 we show the ra
tio of the two error estimates as a function of projected .
Different colours are from the different models, as indéchtThe
dashed and solid lines represent two different realisatmthe
model, encompassing different volumes of the simulatidmese
two volumes are the same for both models, in order to disgtgan
the effects of sample variance and galaxy formation.

In the highest redshift slices the error estimates converge
however note that this convergence could be due to the tWisaea
tions sampling some of the same volume of the N-body simanati
(see Section 2.2.2). In the two lower redshift slices théigations
should be nearly independent. We can see that for some fieaisthi
mass ranges the jack-knife errors give the same uncertaintiye
model, whilst for others the errors disagree. In partiGutze low-
redshift jack-knife errors give a lower estimate in the fusiume.
This suggests for our samples jack-knife errors could beresd
timates at low redshift. As expected, we only see a smalediff
ence between the ratios for the two models in the same volasne,
such it appears that the ratio is most sensitive to samplence.
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Figure 6. The ratio of error computed from the scatter between 26 meaksations, and jack-knife error estimates from two déiffet realisations. Red lines
are from the L14 model whilst blue lines are from the G14 modéd can see the error estimates from jack-knife resamplmgbe very different to those
from the mock realisations.

Despite the limitations of the jack-knife error estimateghvour measurements from the 26 mocks are small compared the teal da
samples, we use them with the data as it has the advantagé of nouncertainties and are therefore disregarded.

being model dependent, nor sensitive to how accurately taeta The computation of the inverse of the covariance matrix,
reproduce the observed GAMA clustering. However, for thekno Cigl, can cause problems as our estimates of the covariance, from
predictions we will always plot the error computed from thatter a limited number of resamplings or realisations, can beynois
between the mocks. This is not only true for the clusteringime  Our method to correct for this follows Gaztafiaga & Scoccimar
surement, but also for the errors on the parameters of ouerbaw (2005) ano_Marin et all (2013). We first compute the correfati
fits. When we plot the mean correlation functions of our 26 knoc  matrix,

realisations, we do not divide our error estimates/®6, such that - Cii

the errors reflect the scatter expected on an individuaiaain of Cij = # (12)

the GAMA survey. Again recall these errors are underestsat voeed

the two higher redshift slices due to the overlap betwedndiones whereo; is the standard deviation of th&* 2PCF measurement
of different realisations in the simulation. and: and j are indices running over all of the 2PCF measure-

ments. We then carry out a singular value decomposition (SVD
of it, yielding C = UCsvpU™, whereU and U™ are rotation

When assessing the goodness-of-fit of the mock predictons t . . > =
matrices andCsvp is a diagonal matrix with elements’; é;;. The

the data, or our data to literature data, we will use the ¢amae . X NI )
matrix. For the comparisonsof our GAMA observations to tte rotation matrix acts to transform the data points into a divate
ature we use the covariance matrix from the jack-knife resizig. system where they are no quger correlated. The bas!s ohfiws
As we compare to the SDSS measuremenits of Zehavi ét al, (2011) €o0rdinate system are the eigenvectors of the covariantsxma
we can disregard the contribution of the errors on the liteeamea- g!ven b% the columnls ,Of t:e matrle,NWhmh have)\%,»élij as their
surements to the goodness-of-fit as they come from a mucérlarg eigenvalues. As explainediin Gaztaqaga.& Scc.)cmmarro (P65
volume than our GAMA samples. When comparing the mocks to eigenmodes _of thg d_ata expressc_ad in this basis should beremnco
the data, we use the covariance matrix computed from the 2& mo lated, Gaussian distributed and given by
realisations. This tests the hypothesis that the data eisa&on of . W (4)
; W (i) = %,U —2
the mock. As with the SDSS measurements, the error on the mean Ak

(13)

gj
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whereW (j) are elements of a vector of the 2PCF measurements,

jack-knife covariance matrices may not be accurate for gpfam

and W(i) are the new eigenmodes. As we have a noisy estimate with such a small size and large Poisson errors. The faistast

of the covariance matrix, from a limited number of jack-lendam-
ples or mock realisations, some of the eigenvectors will dxly
estimated and using them would bias the estimatedVe would
expect the modes which contribute least to the the variamdeet
most likely to suffer from this problem; these modes havelsma

eigenvalues.
We experimented with applying the
Gaztafiaga & Scoccimarrg (2005) cut af; > 2/Nmock,jk

where Nmock jk iS €ither the number of mock realisations for the
x? tests of the modelNmock,jk = 26), or the number of jack-knife
resamplings for they? tests of whether our results agree with
Zehavi et al.[(2011) Nmook,;x = 9). However, we found that this
could, counter intuitively, lead to noisier data sets oadats with

fewer reliable measurements having more accepted modes. We

therefore adopted the approach of only taking the 4 largesies,
which for our data is slightly more conservative than apmlyihe
Gaztafiaga & Scoccimarro (2005) cuts.

ToinvertCsvp we simply takel /\;; for each element, this is
correct as the matrix is diagonal. We 3¢t\;; = 0 for eigenvalues
failing the cuts. Setting values to zero in this way meansespos-
sible degrees of freedom are removed. We compdtaising the
deviations divided by their associated errors, i.e.

W(i)data - W(i)rcf) (W(j)data - W(j)rcf) ]

g g;

2 ( =
X =% OS\}D,z‘j

(14)

ple also appears to have a highly statistically significéffitidnce
compared to the Zehavi etlal. (2011) measurement. Spebjfited
clustering signal has a lower amplitude. Note, however,vbie
ume of this sample is even smaller than our lewlice, for which
Fig.[@ demonstrates the jack-knife errors can be underastsrby

a factor of~ 3. In support of this being just being due to sample
variance_Driver et al| (2011) find that the GAMA survey is 15%
under-dense compared to SDSS DR7 up te 0.1, and the me-
dian redshift of this sample is= 0.09.

4.2 Stellar mass dependent clustering
4.2.1 The full shape of the correlation functions

We will now begin to study clustering as a function of a quignti
that requires less modelling in the mocks but more modeitirige
data: stellar mass. In Figl 8 we show the clustering of gakass a
function of mass, divided by our reference power law. Divigby a
reference power law in this way means our measurements $igow t
square of the galaxy bias, relative to the fiducial power Idate
that not all of the samples are volume limited, so one shoeld b
careful to use Tablgl 2 to characterise the typical massesntsi-
ties and colours of the samples. Samples that are volumetmi
are indicated by a star in Talile 2. Samples which are moreteffe
by the magnitude selection are expected to have less dhgthan

Here the ‘data’ measurements are the measured GAMA 2PCF andVolume-limited samples (Meneux etal. 2008), and are explsict

the ‘ref’ measurements are either literature data or theF25t€dic-
tion from the combined mock catalogues. As gdrvalues are still
likely to be somewhat inaccurate, we will only indicate wiestthe
cumulative? distribution for four degrees of freedom suggests a
probability of a certain measurement is less tB&h demonstrat-
ing it shows highly statistically significant differences.

4 RESULTS
4.1 Comparison toliteratureresults

In this section we compare our measurements to those of
Zehavi et al.|(2011), which come from the SDSS. This comparis
acts as a test that our methods fecorrecting galaxies, producing
randoms and measuring clustering give reasonable reg/dtsan
also use the large area of the SDSS to gauge if the GAMA volume
is particularly under-dense or over-dense.

In Fig.[d we show our measurements (blue) against those of
Zehavi et al.[(2011) (black), both for the same redshift.dMsalso
show, in red, our measurements for deeper volume limitegksm
using the GAMA apparent magnitude limitin Fig. 7.

When the probability of the hypothesis that these measure-
ments agree with Zehavi etlal. (2011) falls below 2% it is daded
on the panel. As a simplification we do not use [the Zehavilet al.
(2011) error estimates in this calculation, as our erragglz dom-
inant source of uncertainty. The samples with the SDSS iedsh

limits show good agreement with the SDSS measurements, sug-

gesting the GAMA volume is not particularly unusual in there
shift ranges probed by these samples.

The majority of our deeper, GAMA volume-limited samples
agree with the Zehavi etial. (2011) measurements. The ldght
however shows a significant variation compared to the lowesr r
shift [Zehavi et al. [(2011) measurements. Note, howevet, ttea

be bluer due to our colour-dependéntorrections. This can be
seen in TablEl2, where the higher redshift, more magnituniéeld,
samples of a particular magnitude or mass range tend to hase b
median colours. The mocks have been constructed to havarnie s
selection function, so it is fair to compare directly.

In all the redshift slices we observe more clustering in the
more massive galaxy samples. This is only seen in [Hig. 8 with
volume-limited samples in the lowest redshift slice. Hoarevin
the two highest redshift slices the median colours and nages
of the second most massive sample, which is magnitude Limite
are fairly similar to those of the low redshift volume-limét sample
(Table[2). This similarity suggests that the large changstister-
ing amplitude seen between the5 < log,, M./ Mah™2 < 11.0
sample and thé1.0 < log;, M./Mgh™? < 11.5 sample is real,
even though the less massive of these samples is magniimitiee.

In the redshift slices we also see the small-scale clugt¢around

< 3h~'Mpc), relative to the large-scale clustering, increases with
mass. This could be interpreted as an increasing fractieatef-

lite galaxies in the higher mass samples, or it could be dtrefu
fainter, redder satellite galaxies being lost in the morgmitade-
limited samples.

The mock predictions for the two models are fairly similar to
one another. This similarity suggests the adoption of taeglet al.
(2008, 2014) approach to computing satellite merger tirasonly
a small effect on the clustering. The general trend of morssina
galaxies being more clustered is reproduced. I\CDM cosmol-
ogy this implies in both the model and the data more massiexga
ies reside in more massive dark matter haloes. As discuseatk
of this effect may also be due to using magnitude-limitedthert
than volume-limited samples. While the amplitude of thestd
ing in the models is generally an acceptable match to the thea
small-scale clustering is often incorrectly predicted.

For the two slices belowe = 0.24, galaxy samples in the
10.0 < logy, M. /Mgh™2 < 10.5 mass range appear, by eye, to
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Figure 7. Clustering measurements from Zehavi et al. (2011) (blatkjg with our measurement of clustering for the same magdeiand redshift cuts (blue)
and for our, deeper volume-limited samples (red). Erros laae from jack-knife resamplings of the data. As GAMA has alenarea than SDSS, applying
the same magnitude and redshift cuts as Zehavi et al. (2@%0Ljted in the fainter samples being too small to measusteting. Where the probability of
our data being a realisation of the Zehavi et al. (2011) data fo less than 2%, this is indicated on the panel with thell®(x?) < 2%, colour coded by
the sample tested. The measurements using the same réidstsfas Zehavi et al (2011) all pass this criteria.

have too high small-scale clustering. This discrepancyiad out
statistically, with values less th&% probability of this data being

a realisation of the model. For the G14 model this over-ptamh

of small scale clustering persists to higher redshift. Tlekpre-
dictions for the10.0 < log,, My /Meh™2 < 10.5 sample at
0.35 < z < 0.5 also show a significant discrepancy, which does
not appear to be restricted to small scales. However rdzatithe
covariance matrices derived from the mocks are underetstgnd
the true error in the high redshift slice, due to the overdangpf

the N-body simulation.

Additionally, the8.5 < log;, M./Mgh™2 < 9.5 sample in
the0.14 < z < 0.24 slice and thé.5 < log,, M. /Mgh™2 < 10
in the0.24 < z < 0.35 slice has a clustering signal on scales
less than a few Mpcs that is significantly too small compared t
the GAMA data. This is true even for the latter of those sample
where the data error bars might suggest the model is a godthifit.
is because the error bars are much smaller in the mock pi@thct
than in the real data, as the mock number densities are mrgsr la
for this sample (recall only the luminosity functions weoeded to
match).

In Fig.[ we plot samples which have had their upper redshift
limits adjusted in order to make them volume limited. In gahe
they imply the same conclusions as we drew from the flux-8ohit

samples. We again see that the more massive galaxy sameles ar
more clustered. Several of the mock samples have too mush clu
tering on small scales. Seeing this effect in the volumétéichsam-

ples means it is not related to the modeling of the selectoction.

4.2.2 Results from power law fits

To further investigate the redshift and mass evolution efdhus-
tering, we show in Fig_10 the, values from the power-law fits
to the measurements, as a function of the ratio of the mediian s
ple mass to the characteristic mass of the stellar massidunat

z = 0.0, 10'%-35My /h? (Baldry et al! 2012). Samples consisting
of 95% or more volume-limited galaxies are indicated by &, sta
magnitude limited samples are indicated by a triangle. \#e/sey
similar dependence of clustering on mass in both the GAMA dat
and the models. Also, in the magnitude-limited samples efidta
and the models the increase in clustering strength as aidanat
stellar mass is faster for the higher redshift samples. &ffiect is
also seen in the mock catalogues. This can also be viewedss le
massive samples evolving faster with redshift than moresivas
ones. However, note this effect is not seen when considéhiag
volume-limited samples, which only show weak evidence df re
shift evolution.
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Figure 8. The projected two-point correlation function of real GAMBIgck), G14 model (red) and L14 model (blue) galaxies as atiom of redshift

(different columns) and stellar mass (different rows). Tiasurements are divided by the reference power law defin8ddtior{ 3.2. Error bars are from
jack-knife resamplings for the real GAMA data and the scditgween the mock realisations for the mocks. Marked itk 2% are samples for which the
hypothesis that the data is a realisation of the model hasthes a2% probability, colour coded according to the model. Despiitstering measurements
not being used when creating the models, they reproduceathe srends with mass and redshift as the data. Some samplesyér, do show significant

differences, particularly on small scales.

In order to further explore possible redshift evolution, in
Fig.[10 we plot the bias versus mass relation of Li &t al. (2GG6
dashed lines, colour-coded according to redshift. We atrkes
relation intoro values assuming a power-law correlation function,
and calculating the( of dark matter using the bias amd of the
galaxy sample containing/*, i.e. 7o am = ro(M*)b(M*)~2/7,
We can then use the relatian (M) = (b(M))* ro.am. We
use our own power law fit to the published Li et al. (2006) sam-
ple containingM ™ for ro(M™). A corresponding biasi(M™), is
taken directly from the Li et all (2006) fitting formula. Thashed
lines at different redshifts are calculated using the passiolu-
tion model of_Fry ((1996) to evolve the bias values, and usimg t
growth factorD(z) to evolve the dark matter, asro,am(z) =
ro.am(2)(D(2)/D(2'))?/7. Such a model gives the expected evo-
lution of o for a model where galaxies formed in some density field
before moving along trajectories at a velocity defined byrtle
cal gravitational potential. The growth factor was caltedfor our
cosmology from the approximate formulalof Carroll et al.92p
We assumey = 1.8 for the power laws, whilst in reality our value
of ~ is allowed to vary in the fits. However, we show in Takblg B1
that using a fixedy = 1.8 only has a small affect on outy values.

One clear observation is that in both the volume-limited and

magnitude-limited lowest mass sample the measured ardplitu
much lower than the Li et al. (2006) relation. As previouslgm
tioned, GAMA is unusually underdense at low redshifts, dmal t
jack-knife error bars can considerably underestimatertieeutncer-
tainty at low redshift. The very low amplitude in the leastssige
samples is therefore likely sample variance.

It appears at lower masses the dependence ovith mass is
stronger in our data than the fitting formulae. Some of thig e
sample variance, but note this strong trend is not seen whign o
considering volume-limited samples. Indeed the volumetéd
samples follow the expected dependence of clustering audpli
with mass. Another likely selection effect is that there isren
redshift evolution in the magnitude-limited samples thapeeted
from the passive evolution model. In F[g.]10 we help to mitga
the effect of the GAMAr-band magnitude selection on our results
by plottingro against the median mass of the sample. Nonetheless,
higher redshift samples will be biased toward differentagis.

As mentioned, more magnitude-limited samples will havedow
clustering than volume-limited samples (e.g. Meneux €2@08).

As such the redshift evolution in clustering amplitude obed

in the less massive galaxies may be down to these obserghtion
effects. Tests we conducted comparing clustering measumsm
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Figure 9. The projected two-point correlation function of real GAMBIgck), G14 model (red) and L14 model (blue) galaxies as atiom of stellar mass
for different approximately volume-limited redshift ##&. The real GAMA samples consist of at least 98% volumedidngalaxies, the mocks 89%. The
measurements are divided by the reference power law defin8eédtior{ 3.R. Error bars are from jack-knife resamplingstiie real GAMA data and the
scatter between the mock realisations for the mocks. MaskédP < 2% are samples for which the hypothesis that the data is aaéalisof the model has

less than 2% probability, colour coded according to the model.

fromr < 19.8 andr < 21 versions of the mock catalogues support
this idea (these samples have a much larger fraction of matgi
limited galaxies than the samples where we found no significa
differences between the original and deeper catalogues).

4.2.3 Summary of model comparisons for mass samples

At higher masses our measurements are not precise enough

to determine if the galaxy clustering is evolving passivetynot.

It is likely that mass samples in these data can be used t@prob
redshift evolution, but this may be better done using mophise
ticated modeling such as HOD fitting. We leave this to the HOD
fitting of Palamara et al (in prep), while we focus on comparis

to the models which have selection effects included via geeaf
lightcone.

Returning to the model comparisons then, we see-gheal-
ues of each model are very similar to one another, excepeihitih
redshift slice where the L14 model has stronger clustetiag the
G14 model. The trends seen in the data are also reproducesttby b
models. In general the increase f with magnitude is slightly
steeper in the model than the data. The steep increase térihgs

To summarize, the most obvious problems with the model predi
tions as a function of stellar mass are in the one-halo tegimes,

this points towards the physics of satellite galaxies bainvgeak-
ness in the model. As mentioned, in Campbell et al. (201%¢ats

of using the true model masses, they estimate the model masse
from the predicted broad-band photometry. They find thatdbies
affect the clustering as a function of mass. The effect ishmuc
stronger for the L14 model than the G14 model, and brings the
small scale clustering into better agreement with the dBitey

still find that even by estimating the masses in this way, tbdets
predict too much small-scale clustering. Also note thattihe-
cally redder and fainter satellite galaxies are more seadiv the

with mass, at low masses, is expected to be related to the GAMA r-band apparent magnitude cut (i.e. selection effects)t seay

selection function. As this trend is qualitatively reprodd by the
models, the models have some success in assigning thetdorrec
minosities or colours to the sample galaxies.

also be related to the model assigning wrong colours or lasiin
ties to satellite galaxies. This is also a possible explandor the
steeper increase in with mass compared to real data.



18

11

D. J. Farrow

10F

oy B Mpc
~

GAMA

0.40
L14 / Gl14 I : 0.36
II II
, ’ 0.32
:[ 10.28
10.24
10.20%

R P N R U D P 10.16
. A,—” . Sl A '_¢’
_____ A -5 apis i PepupapupeE S S 0.12

'y 0.08

0.04

15

—i.O —(5.5 O‘.O
*
lOgloM*ﬁmed./M

0.5

1.0 -15

-1.0 -0.5 0.0 0.5

10g10M*,med./M*

-1.0 -0.5 0.0 0.5 1.0 -1.5

IOgIOM*,med,/M*

1.0
0.00

Figure 10. The ro of our power-law fits to the rang&2 Mpch~! < r, < 9.0 h~!Mpc as a function of the median stellar mass of the sample divided
by the characteristic mass of the stellar mass functior (at 0). The errors come from fitting to the multiple jack-knife i@gs, or from the scatter from
fitting to multiple mocks. Different panels give the GAMA nsemements, the L14 model and the G14 model (left to rightintBdave been colour coded by
median redshift, with samples defined by the same redsh#tannnected by lines. The dashed coloured lines gives #sdfitting formula of Li et al.| (2006),
converted from bias tep assuming a power law correlation function with= 1.8 and evolved to different redshifts using the passive eimiunodel of Fry
(1996), more details are given in the text. More massivexigdaare more clustered, a trend qualitatively reprodugetthé models. Volume-limited samples
are marked with a star, magnitude-limited samples are rdaskin a triangle. Note the magnitude-limited samples deelyi to give lower values of( than

the corresponding volume-limited sample. As such the gttoend with redshift for the low mass samples should not terpmneted as clear evidence of real
redshift evolution. This selection effect is accountedvitien constructing the model catalogues, so the models aadda be fairly compared.

4.3 Luminosity dependent clustering

4.3.1 The full shape of the correlation functions

In Fig.[11 we show the clustering of galaxies as a functioruofit
nosity and redshift, in Fig. 12 we show the correspondingiva-
limited samples. For all of the redshift intervals we notiagre-
gation between the faint and bright samples, with brightdax
ies being more clustered. This trend is not seen in the maaks,
deed the clustering of the L14 mock decreases slightly terwe
—21.0 < M, < —20.0 and—22.0 < M, < —21.0. Because
of this lack of dependence on luminosity, the mocks brigttian
our sample-21.0 < M, » < —20.0 (which containsM",) all
disagree very significantly with the data. For these brigtiaxjes
the G14 model is closer to the data than the L14 model, but stil

very discrepant.

For bins fainter than/;”),, we see good agreement for many
of the L14 model samples, in particular for samples faintent
—20. In contrast, some of the G14 model predictions
for fainter luminosity samples show too much clustering orat
scales (less thar 3 h~*Mpc). At 0.24 < z < 0.35 and—21.0 <
M., r < —20.0 the L14 model predicts too little small-scale clus-
tering. Additionally, the most luminous mock samples ungles-
dict the clustering, particularly on small scales A~ Mpc) at
z > 0.14. Apart from this most luminous sample, the small scale
clustering predictions of the mocks are more successfd trem
in the mass samples. The volume-limited samples in[Ey. L2 al
show reasonable agreement, given the errors, with the na@dept
the most luminous sample. In this sample, as with the madgitu
limited sample around this redshift, the models underptetthe

M, =

clustering.

4.3.2 Results from power law fits

In Fig.[13 we plot thes of our luminosity samples, as a function
of the ratio of the median sample luminosity 34", = —20.6
(Loveday et all 2015). Taking this ratio is useful as it regma
dependence on how magnitudes are converted to luminosities
see less variation in the clustering properties over thigeahan
we did with mass. Volume-limited samples are plotted withea, s
magnitude-limited samples are plotted with a triangle. iq.
we plot the Zehavi et all (2011) bias versus luminosity fiftfar-
mula as a dashed line, colour coded according to what redshif
the relation has been passively evolved. Following Se#id2,
to determine the qm Needed to convert galaxy biases from the
Zehavi et al. [(2011) formula te, values, we use the quoted
value from the Zehavi et al. (2011) power law fit to their saenpl
containingL;. as a reference.

Before interpreting these data, we must once more consider
the selection effects of the magnitude-limited samples.tRese
samples the effect is smaller, as the luminosity range igdimn
in the sample. Nonetheless, because of the colour-depekden
corrections the colours of the samples can change due toageim
tude selection. As before the selection effects may actitocally
enhance any redshift or luminosity trends, by making theteting
of fainter and more distant galaxies appear weaker thanttchia
a volume-limited sample. This certainly seems to be the tarse
the most luminous sample in the highest redshift range, evtier
volume-limited sample has a much larger amplitude than thg-m
nitude limited one at the same redshift. Note the redshifyeaof
the volume limited sample is very small, and as such it isljike
to suffer from sample variance. The values of the other volume-
limited samples seems to roughly agree with the magnitumliteld
sample, but note this is for the subset of samples where piragiu
a volume-limited version was possible. It was not possibledn-
struct volume-limited samples for samples with very higicfrons
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Figure 11. The projected two-point correlation function of real (tpand G14 model (red) and L14 model (blue) galaxies as aifumof redshift ( different
columns) and luminosity (different rows). The measurememe divided by the reference power law defined in SegfiohBr@r bars are from jack-knife
resamplings for the GAMA data, and from the scatter betweatfisations in the mock. Marked witR < 2% are samples for which the hypothesis that
the data is a realisation of the model has less thafftogorobability, colour coded according to the model. The @tisg of faint galaxies is successfully
reproduced in the L14 model for the majority of samples. H@wethe models do not show as much clustering evolution lithinosity as the data, and are

particularly discrepant for the brightest sample and onlisssales.

of magnitude-limited members, where selection effectslikety
to be largest.

The data show an increase in clustering with luminosity in al
of the redshift slices. This is seen in many of the volumet&oh
samples, and so cannot solely be down to selection effeets. U
fortunately, as with the mass samples, this trend cannotobe c
firmed in the two highest redshift slices with volume-lingiteam-
ples. Except for the lowest-luminosity sample our measergm
from real GAMA data agree with the Zehavi et al. (2011) rela-
tion in the lowest redshift slice, which is close to the refisht
which the relation was measured. Our lowest luminosity mess
ment falls well below the Zehavi etlal. (2011) relation. Ashwthe

The highest luminosity sample shows some evidence of not
following the passive evolution model. The volume-limiteam-
ple in particular shows stronger than expected clusteniog fa
passive evolution model. However, given the size of the tae
ties the measurements are only &-@vay from the passive evolu-
tion model. A lack of evolution, compared to that expecteatrir
passive evolution, would suggest fast bias evolution. Tvosild
be consistent with many other observations of more masside a
brighter galaxies showing little evolution in clusteringthvred-
shift (e.g.. White et al. 2007; Brown etlal. 2008; _Coil etlal0&0
Meneux et al. 2008).

lowest-mass sample, because we know GAMA is under-dense at

z < 0.1 (Driver et all 2011) (which is above the median redshift of
the faintest sample), a far more likely explanation is sa&nwalri-
ance unaccounted for by the jack-knife errors.

Except for the brightest sample, thgvalues seem to roughly
follow the expectations of passive evolution. Of courseyéwer,
one has to worry about the selection effects. Using the velum
limited samples alone only gives some weak evidence of iédsh
evolution inrg between the lowest and second lowest redshift
slices.

Moving back to our focus of model comparisons, the mod-
els show little dependence on clustering amplitude and riogsi
ity. Both models predict a similar trend of, versus luminosity.
This lack of luminosity dependence is also in agreement tigh
Zehavi et al.[(2011) bias fitting formula, up to the brightsain-
ple where the L14 model, values falls below the fitting formula.
The models both predict much smalley values than the data in
the highest luminosity bin, the models, unlike the datag alsow
evidence of evolution in the clustering with redshift instlsample.



20 D. J. Farrow

+~— GAMA Data

1.0f | + -+ L14 Mock
o> -o (G14 Mock

Z_ro  18<M,, <17 ~19<M,, <18
3 0.02 <z<0.07 0.02<2z<0.11
~
215
=
S 1.0f ] P(x* ) <2% P(x*) <2%
20
)
0.5

0.0Ff--==-4== e L I A (I O 3% S R -

—0.5

_10  —20<M,,<-19 17 —22<M, <21
0.14 <z <0.167 0.35 <z<0.37
_1_: L L L L L L L L L ! ! ! ! !
-1.5 -1.0 -0.5 0.0 0.5 1.0 1.5 -1.5 -1.0 -0.5 0.0 0.5 1.0 1.5

logy 7, (h~"Mpc)

Figure 12. The projected two-point correlation function of real (lp@nd G14 model (red) and L14 model (blue) galaxies for diffié volume-limited
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GAMA data, and from the scatter between realisations in tbeknMarked withP < 2% are samples for which the hypothesis that the data is a aéalis

of the model has less thar2& probability, colour coded according to the model.

4.3.3 Summary of model comparisons for luminosity samples  larger haloes with more satellite galaxies. The blue gakem-
ples also show a relative increase in clustering on verylsuoales
(< 0.3 h~! Mpc), but note that their clustering is still weaker than
the reference power law.

In each panel of Fid.14 we indicate the absolute magnitude
range enclosing the central 68% of the data. From[Elg. 14,ame c
draw the following natural conclusions. Firstly, for a gimedshift
slice, red galaxies are typically brighter than blue oneddifion-
ally, the absolute magnitude range of the central 68-ptiteane-
duces with redshift and gets brighter with redshift. Finat fixed
redshift, the change in clustering between red and bluexigala
is significantly larger than can be explained by any lumityo&r
stellar mass) dependence of clustering alone. The modeshbw
red galaxy samples have a larger amplitude and steeper 2R&ts
blue galaxies. At low redshifts:(< 0.24) the L14 model agrees
with the measurements whilst the G14 model has too much small
scale clustering. In contrast the G14 model shows betteeagent

The models do a reasonable job at reproducing the amplittide o
clustering as a function of luminosity for the samples fairthan
L}, and the L14 model is a good fit to many of the fainter sam-
ples. However, the models fail to reproduce the amplitudeusf
brightest sample. This under prediction particularly etfesmall-
scale clustering. Also, recall Kim etlal. (2009) found theeie-
dence on luminosity was not correct for the Bower etlal. (3006
model. Note that semi-analytic models have been shown te hav
dependence on clustering with luminosity, but this evolutonly
starts to become apparent at the highest luminosity probex(kee
e.g.Norberg et al. 2001). Again, the disagreements areplantly
large at small scales, suggesting the modelling of saejilaxies
needs to be improved in the models.

44 Colour dependent clustering in the two high redshift slices, whilst the L14 model now has t
Fig.[14 shows the clustering of our samples of red and blue @AM little small-scale clustering.

galaxies (in black). In all redshift intervals we probe, galaxies The blue mock galaxy samples all have too low an amplitude,
are more clustered than blue galaxies. We also note thatethe r particularly at small scales. The size of thevalues can leave us in
galaxy correlation functions have their strongest clustgrrela- no doubt that neither model successfully reproduces tretaring
tive to the reference line, at scales less than araund ' Mpc. of blue galaxies. As the small scale measurements are ylartic

This can be interpreted as red galaxies predominantly biging discrepant, it is possible that too few satellite galaxies laue.
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Figure 13. The ro of our power law fits to the range.2 < r, < 9.0h~!Mpc as a function of the median luminosity of the sample, divithydthe
characteristic luminosity of the dataat= 0. Pure luminosity evolution has been accounted for with @51The error bars give the error from fitting to the
multiple jack-knife regions. Different panels give the GANheasurements, the G14 model and the L14 model (left to)rigiuints have been colour coded

by median redshift, with samples defined by the same redsitgtconnected by
as triangles. The dashed coloured lines gives the biagfitiimula of Zehavi et
correlation function withy = 1.8 and evolved to different redshifts using the
Zehavi et al.[(2011) fitting formula is only derived from trenge0.16 < L,./L

lines. Volume-limited samples are glattestars, magnitude-limited samples
all (2011) witkg.s = 0.8, converted from bias tog assuming a power law
passive eigiutnodel of Fry|(1996), more details are given in the texte Th
< 6.3 (Zehavi et al. 2011), but the disagreement at low lumindsitpore

likely to be down to sample variance underestimated in thk-kmife errors. Brighter galaxies are more clustered &ndhta, a trend not reproduced in the

models. Note the magnitude-limited samples are likely taibéerestimates of

the trug. As such the trends with redshift for the low luminosity saesp

should be interpreted with caution (see the text). In thédsg luminosity samples, three volume-limited samplesafestnate thatg is evolving slower than

the passive evolution model (i.e. the bias is evolving faste

As these samples are magnitude-limited, another poggitslthe
model predicts blue satellites that are too faint. The ptettis for

blue galaxies being incorrect may not be too surprising,ndree
considers that the models predict a clear sequence of blagigs

not seen in the data (Fifl 2). The models also do not reproduce
the increase in clustering relative to the power law seeneaf v
small scales<€ 0.3 h~! Mpc). This could relate to an increase

in star formation rate for close pairs of galaxies. This bty

will be explored in a future paper using star-formatioreratlected
samples of GAMA galaxies (Gunawardhana et al. in prep).

5 DISCUSSION AND CONCLUSIONS

We have studied the projected two-point correlation furctof
galaxies in GAMA. To do this we used a modified version of the
Cole (2011) approach to generate random catalogues; thisoohe
resulted in a set of random points with all of the propertiethe
real galaxies. The Cole (2011) approach allows sample tsatec
cuts to be applied to both the data and the random cataloljme; a
ing the measurement of galaxy clustering as a function cérdiy
galaxy properties. Our modification, the inclusion of a vawdto
limit the difference between the initial and cloned redstifs the
potential to limit the effects of galaxy evolution on randaata-
logues. This method should be followed up in later work, &t te
how effective it is on a wider selection of galaxy sampleg.(aot
just selected on optical photometry) and to optimize the afavin-
dow used.

We compared volume-limited samples from SDSS of
Zehavi et al. [(2011) to volume-limited samples in GAMA, both
with the redshift cuts of SDSS and with redshift cuts appropr
ate for the deeper, GAMA magnitude limit. We find good agree-

ment with SDSS for our samples using the SDSS redshift limts
our —23.0 < M} < —22.0 sample and in our faintest sample,
—-19.0 < MY, < —18.0, both with the GAMA redshift limits,

we find some disagreement between SDSS and GAMA. Given the
expected uncertainties in our jack-knife covariance roas; this
could indicate the errors were underestimated. Our fdistaple,
—19.0 < M. < —18.0, shows less clustering than the SDSS
data. Particularly relevant for this sample isithe Driveale{2011)
observation that GAMA is under-denseatk 0.1, which would
indeed lead to lower clustering.

We have observed that more luminous, more massive and red-
der galaxies are more strongly clustered, in redshift slimtween
z = 0 andz = 0.5. Though in the two highest redshift slices
the GAMA selection function complicates the interpretatid this
trend. More massive and luminous galaxies being more ckote
is in agreement with previous measurements that show thersdst
exist at lower and higher redshift ranges (e.0. Zehavile2@l1;
Christodoulou et al._ 2012; Lietal. 2012; de la Torre et all320
Marulli et alli2013; Guo et al. 2014), and in a broad redstiiftan-
compassing all of our slices (Skibba etial. 2014). We alsotfiatl
red galaxies have steeper correlation functions than bdlexigs
in these redshift slices, again in agreement with clusgenrea-
sured at higher (e.g. Coil etlal. 2008; Guo et al. 2014) andetow
(e.g. Zehavi et al. 2011) redshifts.

We fit power laws to our measurements and see an evolution in
the apparent clustering strength of galaxies with red$bifsam-
ples less massive tham'®-®> M, h~2. We also evidence of this oc-
curring for galaxies less luminous than aroubtl The evolution
is in the direction of higher redshift galaxies being leasstdred.
Note however, many of our samples are not volume limited and s
will be affected by selection effects that are very likelyndmic
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Figure 14. The projected correlation function of red galaxies (top) blue galaxies (bottom) in different redshift slices. Aidmwn is the clustering of mock
galaxies for the L14 model (blue) and the G14 model (red). fEselts have been divided by the reference power law defin&bctio] 3.2. Marked with
P < 2% are samples for which the hypothesis that the data is aaéalisof the model has less thar2% probability, colour coded according to the model.

this evolution. The volume-limited samples alone do shomeo  detail there are places where the models disagree with ttee da
evidence of higher redshift samples of the same luminosityass often in the regime of the one-halo term, which is too strong.

being less clustered, but this evidence is rather weak derisg Campbell et al/(2015) notes that estimating model masegstfie
the size of the uncertainties. colours, rather than taking them from the model, helps &tevthis
In our most luminous sample~( 3L*), which is volume- problem for the L14 model.
limited in three of the redshift slices, we see little eviatin clus- We find the increase of clustering seen between our samples
tering amplitude between samples with median redshifts-of0.1 —21.0 < M, < —20.0and—22.0 < M, < —21.0is not re-

andz ~ 0.4. Given our uncertainties, there is some weak evidence produced by the models. This discrepancy is present in boti m
that this is less evolution than that expected from a sinpaesive els, butis a bigger problem for the L14 model. For the highest-
evolution model. nosity sample{ 3L;) the models also predict too little small-scale

A lack of evolution in the clustering amplitude of brighterh clustering. The clustering of fainter galaxies is bettedelted in
more massive galaxies has been observed by other authars, anthe data, with the L14 model being particularly successfubpro-
taken as evidence of a fast evolution of the bias of thesectshje  ducing the clustering of thé/,. , > —20 galaxy samples.

(White et al. 2007; Brown et al. 2008; Meneux et al. 2008, 3009 We have also shown that the trends of redshift evolution with
This fast bias evolution has been connected to the mergithglian mass and luminosity are qualitatively reproduced by the etsod
ruption of satellites (White et &l. 2007; Brown etlal. 2008). (Fig.[10 and Fig[_1B3), in that the more massive and more lumi-
Whilst the interpretation of these measurements is compli- nous samples show less redshift evolution. The redshiitizeare
cated by selection effects in the magnitude-limited saspliee most likely successfully reproduced thanks to the modgllir

strength and focus of this work is model comparisons. We use the GAMA apparent magnitude limit, showing the importanée o
a model that utilizes a lightcone, and assigorrections to the applying observational effects when comparing galaxy fiom
model galaxies in such a way to mimic the selections functibn ~ models to data.

the survey. We find that the L14 and G14 semi-analytic models The clustering of red galaxies on large scales is succégsful
successfully predict the trends of clustering as a functibatel- reproduced by the models. At> 0.35 the L14 model under pre-
lar mass. Both models have similar predictions for thisdresug- dicts the clustering on small scales and at 0.35 the G14 model

gesting it is insensitive to differences in the adopted msydn over predicts clustering on small scales. Both models updadict
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the clustering of blue galaxies, particularly on scales lggmn a
few Mpc. The colour-magnitude diagram of the models is atsg v
different to that of the data, the models have a much morelglea
bimodal colour distribution.

These models give different predictions from one another fo
samples defined by mass, photometric properties and cdlbig.
highlights the importance of testing the clustering of nisdesing
a variety of properties for sample selection, or,_as Canhebell.
(2015) suggests, inferring the mass of the model galaxies their
photometric properties.

The models struggle to reproduce the clustering at small
scales. Therefore, a suggested route to improvement isfyiragli
the physics affecting satellite galaxies. Several autiange ex-
perimented with adding processes which remove satellitexga
ies, or modify their luminosity or colour (elg Font et al. 200
Kim et alll2009] Contreras etlal. 2013). Kim el al. (2009) &ddi
ally found that processes affecting satellite galaxiesatsmchange
the dependence of clustering on luminosity. Modifying tagek
lite galaxy physics could also have an impact of the cologr di
tribution and improve the clustering predictions of bludagees.
Indeed/ Font et al! (2008) found bluer satellites when apgla
more realistic model of the stripping of gas from infallirgtellite
galaxies. Modifications to the satellite galaxy physicsd@lso af-
fect the over abundance of faint red galaxies in the mode&sinioy
McNaught-Roberts et al. (2014), or the excess of high-iplidtty
groups of galaxies observed by Robotham etlal. (2011). lginal
changing the colours of satellite galaxies can have knaclefo
fects for magnitude-limited samples, as model galaxiet wat
SEDs arek-corrected out of these samples at lower redshifts than
blue galaxies. Such modifications should also be testededfse
they reproduce the lack of redshift evolution in the brightgam-
ples where the physics affecting satellites galaxies i®ebqu to
play a role ((White et al. 2007; Brown et/al. 2008).

In conclusion, the G14 and L14 models reproduce the trends
of clustering with mass and successfully predict the amqgétof
clustering for galaxies fainter thati:. They do, however, need im-
provement at small scales - in particular blue galaxies saedger
small-scale clustering. They also need to be improved iardre-
produce the clustering of galaxies slightly brighter tlign i.e. for
our samples with medianband magnitudes around.,. , ~ 21.3.

When these measurements are compared to models one must be

careful to account for the selection effects in the magmitlichited
samples, for a realistic mock catalogue this could be aslsiagp
applying anr < 19.8 apparent magnitude cut. An alternative is
to choose the samples which are volume-limited. Indeed,fir a
ture GAMA paper we intend to use the methodology here to pro-
duce volume-limited magnitude and mass threshold seleszed
ples and carry out a HOD analysis on them (Palamara in piep.).
order to facilitate further model tests against these nreasents,
our results will be made available online at publicafion
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APPENDIX A: THE EFFECT OF P, Q AND WINDOWED
RANDOMSON THE CORRELATION FUNCTION

In this paper we utilize a random catalogue generated usiegva
windowed approach. We also use a different combination ef th
luminosity function evolution parametefd = 1.45, P = 0.0

to a different set of parameters taken from an earlier dréft o
Loveday et al.[(2015)Q = 0.81, P = 1.45. To test for any biases
introduced by this, we compare results of using three differan-
dom catalogues: the randoms used in our measurementsntiee sa
P andQ@ as our random catalogue but without the window function
and a different”? and@ with and without the window function. For
this purpose we use a mass selected sample, as this avordgesha
in the sample definition arising due to a different valueofWe
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FigureAl. The projected 2PCF df0.00 < log,q M« /Mah ™2 < 10.50
galaxies in two different redshift slices, as indicatede Tdifferent lines
represent different methods of generating a random catalegth which
to measure clustering, each is labelled in the legend. Ibesseen that the
our choice of random catalogue does not have a significaettedin our
measurements.
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choose the0.00 < log,;, M./Mch™2 < 10.50 mass bin, and use
the redshift range8.14 < z < 0.24 and0.24 < z < 0.35. These
redshift slices encompass a large under-density imthe, where
one might expect to see the largest differences betweematitiom
catalogues.

In Fig.[ATl we show the results. The most difference appears at
large-scales; with the measurements using the windowetbgate
showing a lower clustering amplitude than the results froetivo
random catalogues without windowing. The two unwindowed re
sults also show some deviation on large-scales. Note, fwiat
the differences are much smaller than the error bars for aittte
samples, so much so that the conclusions of this paper wilb@o
affected.

APPENDIX B: POWER-LAW FIT TABLESAND MOCK
SAMPLE PROPERTIES

In Table[B1 we show the results from our power law fits to our
samples of GAMA galaxies. Uncertainties are given in brigke
and were derived from fitting power laws to each jack-knifal+e
isation separately. Also given are the values found from fixing
the slope of the power law, rather than allow it to vary freely.
The difference in the recovered values is small.

Tables B2 anfT B3 give the sample properties, and standard de-
viations (in brackets) of one realisation of the G14 and Lbtlais
respectively. The magnitudes have been adjusted in ordeatoh
their luminosity functions to the real GAMA data (dee 2138
such the sample sizes are much more similar to the real data fo
luminosity-defined samples than mass- or colour-definegkssn
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Table B1. The recovered values from power law fits to the clustering, r1.q are the results of fitting the data with a fixed valueyo&= 1.8. Jack-knife
errors are given in brackets. We see red galaxies have steBf#s, and that the amplitude of the 2PCF increases wititogg and mass, regardless as
to whethery is also fit or not. Samples marked with asterisks are magaitintited, so should be treated with careful consideratibthe GAMA selection
function. Samples without asterisks are volume limited] ean be treated at face value.

Sample Zmin Zmax 0 Y 70, fixed
—18.00 < M, 5 < —17.00 0.02 0.14* 3.68(0.31) 1.81(0.09) 3.69 (0.27)
—19.00 < M,.;, < —18.00 0.02 0.14* 457 (0.37) 1.74(0.06) 4.44 (0.26)

0.14 0.24* 451(0.69) 1.84(0.05) 4.52(0.70)

—20.00 < M, ;, < —19.00 002 014 535(0.51) 1.70(0.07) 5.07(0.36)
0.14 0.24* 4.91(0.22) 1.78(0.03) 4.86(0.17)
0.24 0.35* 4.05(0.17) 1.69(0.05) 4.09 (0.18)

—21.00 < My, < —20.00 0.02 014 558(0.75) 1.76(0.07) 5.45(0.53)
014 024 539(0.28) 178(0.04) 5.33(0.19)
0.24 0.35% 5.04(0.09) 1.76(0.02) 4.98(0.07)
0.35 050 4.82(0.27) 1.62(0.06) 4.84(0.26)

—22.00 < My, < —21.00 0.02 014 6.59(0.58) 1.77(0.08) 6.49 (0.44)
014 024 6.12(0.32) 1.87(0.05) 6.30(0.25)
0.24 035 6.47(0.18) 1.79(0.02) 6.45(0.16)
0.35 050 6.38(0.25) 1.81(0.03) 6.40(0.20)

—23.00 < M2} < —22.00 001 050 9.39(0.50) 1.99(0.10) 9.56 (0.44)
—22.00 < MU} < —21.00 001 038 6.65(0.10) 1.77(0.01) 6.60 (0.09)
—21.00 < M%} < —20.00 001 026 5.72(0.28) 1.75(0.03) 5.55(0.20)
~20.00 < MY} < —19.00 001 018 527(042) 174(0.04) 5.08(0.31)
~19.00 < M%) < —18.00 001 012 3.97(0.33) 1.87(0.06) 4.09(0.27)

8.50 < log;g Mu/Moh~™2 < 9.50  0.02 0.05 3.28(0.42) 2.24(0.21) 4.86(0.38)
0.02 0.14* 4.00(0.22) 1.73(0.05) 3.95(0.21)
0.14 0.24* 3.70(0.19) 1.66(0.03) 3.65(0.17)

9.50 < log;g Mx/Mph~2 <10.00  0.02 0.4 584(0.64) 1.77(0.07) 5.72(0.37)
0.14 0.24* 4.81(0.24) 1.77(0.03) 4.75(0.20)
0.24 035 3.44(0.11) 1.64(0.05) 3.64(0.09)

10.00 < log;y M« /Moh~2 <1050 0.02 0.4 593(0.71) 1.82(0.07) 6.01 (0.54)
014 018 594(0.46) 1.86(0.05) 6.35(0.36)
0.14 0.24* 567(0.27) 1.85(0.04) 5.86(0.17)
0.24 035 481(0.13) 1.73(0.02) 4.71(0.11)
0.35 0.50% 4.49(0.20) 1.69(0.04)  4.65(0.19)

10.50 < log,y M. /Mph=2 < 11.00 002 0.14 6.84(0.62) 1.75(0.09) 6.69 (0.47)
0.14 024 6.37(0.34) 1.93(0.04) 6.78(0.30)
024 029 5.76(0.28) 1.93(0.03) 6.65(0.24)
0.24 035 6.37(0.20) 1.84(0.02) 6.50(0.17)
0.35 050 6.15(0.22) 1.78(0.03) 6.10(0.16)

11.00 < log;y Mu/Moh=2 < 11.50 0.24 035 8.42(0.37) 1.76(0.03) 8.33(0.34)
0.35 037 806(1.33) 214(0.11) 10.88(1.19)
0.35 050 8.17(0.47) 1.88(0.05) 8.38(0.44)

Red 0.02 0.14* 6.25(0.53) 2.03(0.07) 7.13(0.45)
0.14 0.24* 6.37(0.31) 1.96(0.03) 7.04(0.25)
0.24 035 6.49(0.15) 1.90(0.01) 6.79(0.14)
0.35 050 7.50(0.29) 1.89(0.02) 7.82(0.25)

Blue 0.02 0.14* 3.34(0.14) 152(0.02) 3.03(0.10)
0.14 0.24* 3.89(0.14) 1.63(0.03) 3.63(0.10)
0.24 035 4.09(0.11) 1.64(0.02) 4.00(0.10)
0.35 0.50* 4.80(0.10) 1.69(0.03) 4.85(0.10)
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Table B2. Different mock galaxy samples, sample sizes and mediarepiep for one G14 model realisation of GAMA. The subscriped’ indicates the
values are medians. Where maximum redshift has an astéreskample is not volume limited. In samples without an &teat least 95% of the members
are volume limited. Values in brackets are rms scatter.

Sample Zmin Zmax Ngals Zmed J‘/lmcd loglo(ﬂ/l*/k1®h72)mcd (g - T)O,mcd
—18.00 < M, j, < —17.00 0.02 0.07 2965 0.05 -17.46(0.28) 8.83 (0.26) 0.29 (0.17)
0.02 0.14* 5907 007 -17.59(0.27) 8.83 (0.25) 0.27 (0.17)
—19.00 < M, j, < —18.00 0.02 011 7402 0.08 -18.48 (0.29) 9.20 (0.30) 0.30 (0.18)
0.02 0.14* 12979 0.10 -18.55(0.27) 9.21 (0.30) 0.29 (0.18)
0.14 0.24* 2894 015 -18.85(0.12) 9.28 (0.33) 0.30 (0.19)
—20.00 < M,. ;, < —19.00 0.02 0.14 11689 0.11 -19.47 (0.29) 9.71 (0.37) 0.43 (0.20)
014 017 7029 015 -19.45(0.28) 9.75 (0.39) 0.51 (0.20)
0.14 0.24* 26387 0.19 -19.61(0.27) 9.78 (0.39) 0.49 (0.21)
0.24 035 2343 025 -19.91(0.09) 9.65 (0.29) 0.27 (0.17)
—21.00 < M,. ;, < —20.00 0.02 0.14 6968 0.11  -20.40(0.28) 10.26 (0.36) 0.61 (0.21)
0.14 024 22285 020 -20.39 (0.28) 10.28 (0.35) 0.61(0.21)
0.24 0.35* 35746 0.28 -20.56 (0.26) 10.24 (0.36) 0.50 (0.21)
0.35 0.50* 3644 037 -20.87(0.14) 10.05 (0.28) 0.27 (0.17)
—22.00 < M,.j, < —21.00 002 014 1835 011 -21.28(0.25) 10.72 (0.32) 0.70 (0.20)
0.14 024 5838 020 -21.28(0.25) 10.73 (0.32) 0.70 (0.20)
024 035 15354 0.30 -21.29 (0.25) 10.72 (0.32) 0.66 (0.20)
0.35 037 3316 036 -21.29(0.26) 10.72 (0.32) 0.64 (0.20)
0.35 0.50* 17073 0.40 -21.41(0.26) 10.64 (0.35) 0.48 (0.21)
8.50 < M, < 9.50 0.02 005 3066 0.04 -17.49(0.89) 8.92 (0.28) 0.43 (0.16)
0.02 0.14* 20046 0.09 -18.34 (0.76) 9.11 (0.26) 0.27 (0.14)
0.14 0.24* 7525 017 -19.23(0.30) 9.37 (0.12) 0.25 (0.07)
9.50 < M. < 10.00 0.02 0.14* 10713 0.11 -19.44(0.63) 9.73 (0.14) 0.54 (0.16)
0.14 0.24* 19616 0.19 -19.79 (0.47) 9.77 (0.14) 0.35 (0.15)
0.24 0.35% 12697 0.28 -20.34(0.28) 9.84 (0.12) 0.27 (0.08)
10.00 < M4 < 10.50 0.02 0.14 5746 0.11  -20.18 (0.58) 10.20 (0.14) 0.66 (0.15)
014 018 5155 016 -20.14 (0.57) 10.20 (0.14) 0.66 (0.15)
0.14 0.24* 18085 0.20 -20.17 (0.53) 10.22 (0.14) 0.65 (0.15)
0.24 0.35¢ 19509 0.28 -20.72(0.42) 10.25 (0.15) 0.44 (0.16)
0.35 050 8752 0.40 -21.23(0.30) 10.24 (0.14) 0.29 (0.09)
10.50 < M. < 11.00 002 014 3455 011 -20.71(0.69) 10.73 (0.14) 0.76 (0.11)
0.14 0.24* 11227 020 -20.69 (0.61) 10.71 (0.14) 0.75 (0.11)
0.24 0.29* 8747 027 -20.83(0.43) 10.71 (0.14) 0.72 (0.11)
0.24 035 18649 0.29  -20.94 (0.40) 10.72 (0.14) 0.71 (0.11)
0.35 050 7885 0.39 -21.39(0.33) 10.80 (0.15) 0.67 (0.16)
11.00 < M, < 11.50 0.24 035 3114 030 -21.75(0.50) 11.09 (0.09) 0.75 (0.05)
0.35 037 609 036 -21.79(0.32) 11.10 (0.09) 0.74 (0.05)
0.35 0.50* 4377 041 -21.84(0.28) 11.11 (0.09) 0.73 (0.05)
Red 0.02 0.14* 19247 0.10 -19.23 (1.37) 9.87 (0.65) 0.63 (0.10)
(9 — 7)o +0.03(M,., — M*,)>0.498 0.14 024* 31606 0.19 -20.07 (0.70) 10.35 (0.38) 0.69 (0.09)
0.24 035 28164 0.28 -20.80 (0.51) 10.67 (0.28) 0.71 (0.08)
0.35 050 10034 0.39 -21.53(0.38) 10.97 (0.21) 0.72 (0.06)
Blue 0.02 0.14* 24008 0.09 -18.72 (1.27) 9.18 (0.53) 0.26 (0.07)
(9 — 7)o +0.03(M,., — M*,) <0498 0.14 024* 26135 019 -19.88(0.70) 9.68 (0.34) 0.30 (0.08)
0.24 0.35% 26245 0.29 -20.63 (0.49) 10.01 (0.28) 0.30 (0.09)

0.35 0.50% 12622 0.40 -21.25(0.40) 10.26 (0.26) 0.29 (0.10)
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Table B3. Different mock galaxy samples, sample sizes and mediareptiep for one L14 model realisation of GAMA. The subscriped’ indicates the
values are medians. Where maximum redshift has an astérskample is not volume limited. In samples without an &teat least 95% of the members
are volume limited. Values in brackets are rms scatter.

Sample Zmin Zmax Ngals Zmed J‘/lmcd loglo(ﬂ/l*/k1®h72)mcd (g - T)O,mcd
—18.00 < M, j, < —17.00 0.02 0.07 2982 005 -17.46(0.28) 8.82 (0.30) 0.41 (0.15)
0.02 0.14* 5922 007 -17.59(0.27) 8.82 (0.29) 0.39 (0.15)
—19.00 < M, j, < —18.00 0.02 011 7348 0.08 -18.49 (0.29) 9.21(0.31) 0.42 (0.15)
0.02 0.14* 12815 0.10 -18.55(0.27) 9.22 (0.31) 0.41 (0.15)
0.14 0.24* 2887 015 -18.85(0.12) 9.27 (0.30) 0.41 (0.16)
—20.00 < M,. ;, < —19.00 0.02 0.14 11665 0.11 -19.47 (0.29) 9.65 (0.35) 0.51 (0.16)
014 017 7242 015 -19.45(0.29) 9.67 (0.37) 0.53 (0.17)
0.14 0.24* 26443 0.19 -19.61(0.27) 9.70 (0.38) 0.53 (0.17)
0.24 035 2560 025 -19.91(0.09) 9.62 (0.26) 0.36 (0.15)
—21.00 < M,. ;, < —20.00 0.02 0.14 6934 0.11  -20.41(0.28) 10.18 (0.40) 0.62 (0.18)
0.14 024 22310 0.20 -20.40(0.28) 10.22 (0.40) 0.63(0.18)
0.24 035 35739 0.28 -20.56 (0.27) 10.16 (0.41) 0.56 (0.19)
0.35 050 3563 0.37 -20.86(0.15) 10.00 (0.31) 0.37 (0.16)
—22.00 < M,.j, < —21.00 0.02 014 1833 011 -21.28(0.25) 10.63 (0.39) 0.65 (0.18)
0.14 024 5843 020 -21.28(0.25) 10.65 (0.38) 0.64 (0.18)
0.24 035 15349 0.30 -21.28(0.25) 10.63 (0.38) 0.61 (0.18)
0.35 037 3399 036 -21.29(0.26) 10.64 (0.38) 0.59 (0.17)
0.35 050 17320 0.40 -21.42(0.26) 10.47 (0.39) 0.49 (0.18)
8.50 < M, < 9.50 0.02 005 3077 0.04 -17.46(0.94) 8.92 (0.28) 0.55 (0.14)
0.02 0.14* 19994 0.09 -18.36 (0.80) 9.12 (0.26) 0.38 (0.12)
0.14 0.24* 9080 017 -19.29(0.31) 9.36 (0.12) 0.36 (0.08)
9.50 < M. < 10.00 0.02 0.14* 11290 0.11 -19.45(0.71) 9.72 (0.14) 0.58 (0.13)
0.14 0.24* 20525 0.19 -19.86 (0.50) 9.76 (0.14) 0.44 (0.12)
0.24 035 15610 0.28 -20.39 (0.31) 9.82 (0.12) 0.38 (0.09)
10.00 < M4 < 10.50 0.02 0.14 5550 0.11  -20.09 (0.66) 10.19 (0.14) 0.68 (0.11)
0.14 018 5102 016 -20.06 (0.65) 10.20 (0.14) 0.68 (0.12)
0.14 0.24* 16659 0.20 -20.14 (0.61) 10.21 (0.14) 0.67 (0.12)
0.24 0.35¢ 18009 0.29 -20.82(0.47) 10.22 (0.14) 0.53 (0.12)
0.35 0.50* 9983 0.40 -21.33(0.33) 10.22 (0.14) 0.42 (0.09)
10.50 < M. < 11.00 002 014 2806 011 -20.71(0.58) 10.71 (0.14) 0.78 (0.10)
0.14 0.24* 9615 020 -20.66(0.53) 10.72 (0.14) 0.78 (0.10)
0.24 0.29%* 7770 027 -20.76 (0.44) 10.72 (0.14) 0.76 (0.10)
0.24 035 16067 0.29 -20.88 (0.42) 10.75 (0.14) 0.75 (0.10)
0.35 050 6316 0.39 -21.47(0.38) 10.78 (0.15) 0.62 (0.14)
11.00 < M, < 11.50 0.24 035 4280 030 -21.42(0.51) 11.09 (0.09) 0.79 (0.07)
0.35 037 760 0.36 -21.50(0.35) 11.10 (0.09) 0.78 (0.06)
0.35 050 3912 040 -21.68(0.35) 11.12 (0.10) 0.77 (0.08)
Red 0.02 0.14* 20986 0.10 -19.07 (1.38) 9.80 (0.65) 0.65 (0.09)
(9 — 7)o +0.03(M,., — M*,) > 0548 014 024* 31557 019 -20.06 (0.67) 10.29 (0.41) 0.70 (0.09)
0.24 035 27728 0.28 -20.77 (0.47) 10.68 (0.32) 0.73 (0.08)
0.35 0.50* 7944 039 -21.46(0.36) 10.98 (0.24) 0.75 (0.07)
Blue 0.02 0.14* 22218 0.0 -18.80 (1.30) 9.18 (0.53) 0.36 (0.07)
(9 — 7)o +0.03(M,., — M*,) <0548 0.14 024* 26243 019 -19.88(0.73) 9.62 (0.33) 0.39 (0.08)
0.24 035 26870 0.29  -20.65 (0.54) 9.95 (0.29) 0.40 (0.09)

0.35 0.50* 14824 0.40 -21.34(0.43) 10.22 (0.29) 0.41 (0.10)
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