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ABSTRACT
We present a series of results from a clustering analysis of the first data release of the Visible
and Infrared Survey Telescope for Astronomy (VISTA) Deep Extragalactic Observations
(VIDEO) survey. VIDEO is the only survey currently capable of probing the bulk of stellar
mass in galaxies at redshifts corresponding to the peak of star formation on degree scales.
Galaxy clustering is measured with the two-point correlation function, which is calculated
using a non-parametric kernel-based density estimator. We use our measurements to investigate
the connection between the galaxies and the host dark matter halo using a halo occupation
distribution methodology, deriving bias, satellite fractions, and typical host halo masses for
stellar masses between 109.35 and 1010.85 M�, at redshifts 0.5 < z < 1.7. Our results show
typical halo mass increasing with stellar mass (with moderate scatter) and bias increasing with
stellar mass and redshift consistent with previous studies. We find that the satellite fraction
increased towards low redshifts, from ∼5 per cent at z ∼ 1.5 to ∼20 per cent at z ∼ 0.6. We
combine our results to derive the stellar mass-to-halo mass ratio for both satellites and centrals
over a range of halo masses and find the peak corresponding to the halo mass with maximum
star formation efficiency to be ∼2 × 1012 M�, finding no evidence for evolution.

Key words: techniques: photometric – galaxies: evolution – galaxies: high-redshift – galaxies:
star formation – large scale structure of Universe.

1 IN T RO D U C T I O N

We work in the paradigm of luminous matter (galaxies) being bi-
ased tracers of the underlying dark matter distribution. The growth
of cold dark matter perturbations is relatively simple to model and
understand, both analytically (Press & Schechter 1974; Sheth &
Tormen 1999) and in N-body simulations (Warren et al. 2006) as it
is thought to be pressure and interaction free. However, we cannot
observe the dark matter directly; we can only observe the lumi-
nous matter following the underlying dark matter distribution in
a biased, complex way. Large galaxy surveys allow us to probe
this behaviour in a statistical manner, giving insight to the physi-
cal processes at play. Recent wide-field surveys have surveyed the
semi-local Universe spectroscopically in great detail, e.g. the 2-
degree-Field Galaxy Redshift Survey (Peacock et al. 2001), Sloan
Digital Sky Survey (SDSS; Zehavi et al. 2011) and the Galaxy And
Mass Assembly (Driver et al. 2011) survey on the kilo-square de-
gree scale, the VIMOS VLT Deep Survey (VVDS; Le Fèvre et al.
2013) and the VIMOS Ultra-Deep Survey (VUDS; Le Fèvre et al.
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2015) on degree scales. Similarly, surveys like the United Kingdom
Infrared Deep Sky Survey-Ultra Deep Survey (Hartley et al. 2013)
and now UltraVISTA (McCracken et al. 2012) have probed photo-
metrically very deeply on ∼1 deg2 scales. The Visible and Infrared
Survey Telescope for Astronomy (VISTA) Deep Extragalactic Ob-
servations (VIDEO) survey (Jarvis et al. 2013) sits fittingly between
these two scales of interest as the current leading survey for study-
ing the z > 0.5 Universe over large scales. It is particularly well
suited to investigating many contemporary problems in forming a
good all-encompassing model of galaxy evolution. Although mod-
ern observational techniques have led to substantial improvements
in our understanding of the nature of galaxies and their evolution
over cosmic time (e.g. Mo, van den Bosch & White 2010), there
remain many problems in explaining the rich menagerie of galax-
ies we see in the Universe today. Galaxies come in range of masses
spanning several decades (e.g. Tomczak et al. 2014), exhibit a range
of morphologies (e.g. Willett et al. 2013) and can have vastly dif-
ferent star formation (SF) rates (Bergvall et al. 2015). Some exhibit
active galactic nucleus (AGN) activity – powerful energetic bursts
from accretion on to supermassive black holes, which are thought to
impact on the life of the whole galaxy via feedback processes (e.g.
Fabian 2012). A good model of galaxy evolution must take all these
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wide-ranging phenomena into account (e.g. most semi-analytic and
hydrodynamic simulations now incorporate such activity to truncate
SF in massive galaxies; for example Dubois et al. 2014) to explain
the observations.

VIDEO is particularly well suited to investigating, explaining
and constraining many of these problems, as its balance of depth
and sky area allows wide-scale effects to be probed to earlier times:

(i) It has a multitude of multiband data for both better constraints
on redshift and extra information like stellar mass and SF rate of
the galaxies, e.g. see Johnston et al. (2015).

(ii) Its depth and high-quality photometric redshifts permit the
study of galaxies on large scales at z ∼ 1–3, the peak of SF in the
Universe.

(iii) Its balance of depth and sky area makes it possible to con-
strain galaxy behaviour on both sides of the ‘knee’ of the stellar
mass function at these crucial redshifts.

(iv) It has the width and resolution to simultaneously probe the
two length-scale regimes of linear and non-linear distributions.

(v) It has three separate fields to measure cosmic variance.

Access to these large-scale effects is crucial for understanding
the environment of a galaxy population, which can play an impor-
tant role in its evolution. Key processes in galaxy evolution are
often classified into ‘nature’ and ‘nurture’ effects, e.g. internal pro-
cesses such as cooling and feedback versus interactions with other
galaxies and the local environment – often a variety of processes
are needed to explain environmental-based observations such as
the morphology–density relation (elliptical galaxies are preferen-
tially found in high-density environments and spiral galaxies in the
field; Dressler 1980). A key question is the role of environment
and halo mass on quenching (e.g. Peng et al. 2010), and how im-
portant, or not, processes like strangulation (tidal effects from the
gravitational potential allowing the gas in the satellite to leave), ram
pressure stripping (removal of gas by ‘winds’ in the hot intracluster
medium) and harassment (flybys from other galaxies; Hirschmann
et al. 2014) are. It is also becoming apparent that the larger scale
environment, distances well beyond the virial radius of the halo, can
have local effects on individual galaxies and lead to large-scale cor-
relations, now known as galactic conformity (e.g. Weinmann et al.
2006; Kauffmann et al. 2013; Hearin, Behroozi & van den Bosch
2015).

One key probe of the galaxy–dark matter connection is the two-
point correlation function (the inverse Fourier transform of the
power spectrum) which is a popular measure of the statistical clus-
tering of galaxies, see Peebles (1980). This is commonly interpreted
via the phenomenological model of the halo occupation distribution
(HOD; Cooray & Sheth 2002; Zehavi et al. 2005). Typically, the
galaxy content of a halo is stipulated as some function of the halo
mass. Then assuming a halo bias model and halo profile, the correla-
tion function can be predicted and compared to observations (Zheng
et al. 2005). Derived parameters from the HOD (minimum mass for
galaxy collapse, bias, typical halo mass, etc.) can then typically be
linked to models of galaxy formation and evolution, or compared
with results from simulations (e.g. Wang et al. 2006). Other probes
of the galaxy–dark matter connection include galaxy–galaxy lens-
ing, which contains information about the host halo profile and
can be combined with clustering measurements to great effect (e.g.
Coupon et al. 2015), and comparison with group catalogues (e.g.
Yang et al. 2005). In this paper, we analyse the clustering relations
between different galaxy samples to draw out HOD parameters
to investigate the galaxy–halo connection to high z and moderate
stellar mass.

The only other survey currently able to probe to similar stellar
masses and redshifts on degree scales is UltraVISTA, another pub-
lic ESO VISTA survey, see McCracken et al. (2012). McCracken
et al. (2015) perform a clustering analysis in the survey, fitting HOD
models and studying the stellar mass-to-halo mass ratio (SMHR).
UltraVISTA and the sub-field of VIDEO that we use here probe
similar parts of parameter space, giving VIDEO an important role
in validating this science on a different field, but in future data
releases the surveys will diverge, VIDEO probing wider and Ultra-
VISTA deeper. Validating clustering measurements on independent
fields has particular importance in this instance as the COSMOS
field (in which UltraVISTA is carried out) is reported in the litera-
ture to have an overabundance of rich structure, and to in general
be unrepresentative of similar volumes at the same redshift (e.g.
Meneux et al. 2009, who report a 2σ–3σ anomaly by comparison
with mock skies). McCracken et al. (2015) explore this compli-
cation, speculating that the quasar wall a few degrees away from
the field, reported in Clowes et al. (2013), could give rise to this
overdensity. They compare clustering measurements in COSMOS
with WIRDS data (Bielby et al. 2014) over four fields finding agree-
ment on larger scales, but dramatically increased clustering power
at small scales in COSMOS at 1 < z < 1.5. Not only does this
illustrate the importance of having a separate field to confirm these
results at these key redshifts over the key epoch when both AGN and
SF activity were at their peak, but it also shows that cosmic variance
is still a significant factor at these angular scales and that eventually
the multiple independent fields of VIDEO are needed. There is also
valuable information to be gained by comparing photometry-based
results with spectroscopic surveys that have covered the same fields
(e.g. VVDS, Abbas et al. 2010; VUDS, Durkalec et al. 2015a,b).
Spectroscopic surveys have much more accurate redshifts, and can
hence get more accurate measurements of clustering, as well as
probing effects not present in angular information, in particular
redshift space distortions. Conversely, like-for-like spectroscopic
surveys typically probe smaller numbers of sources (in a biased
manner depending on the selection of the survey sources), ordinar-
ily not probing as deep as an otherwise similar photometric survey.
Exploiting the ability of spectroscopic surveys to probe different
parts of clustering parameter space in different ways is beneficial
for a comprehensive understanding of the galaxy–halo connection
and the role of environmental effects at a given epoch.

This paper is organized as follows: first, we describe our sample
selection from VIDEO (Section 2), and discuss how we measure
the correlation function (Section 3). We then discuss our halo occu-
pation model, derived parameters and fitting process in Section 4.
We then find the correlation function for a series of subsamples
split by stellar mass, and fit HOD models to these observations. Fi-
nally, we discuss how derived parameters from the HOD vary with
stellar mass and redshift, compare to other studies and discuss how
our measurements will be extended with the full VIDEO survey
(Section 5).

All magnitudes are given in the AB system (Oke & Gunn 1983)
and all calculations are in the concordance cosmology �� = 0.7,
�m = 0.3 and H0 = 70 km s−1 Mpc−1 unless otherwise stated.

2 O BSERVATI ONS

In this section, we describe the optical and near-infrared data used
to select the galaxies in our sample, and provide information on the
photometric redshift and stellar mass estimates that underpin our
analysis.
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2.1 VIDEO and CFHTLS

The VIDEO survey (Jarvis et al. 2013) is one of the six public sur-
veys carried out by the VISTA telescope facility in Chile. It covers
three fields in the Southern hemisphere, each carefully chosen for
availability of multiband data, to total 12 deg2 when complete. The
5σ depths of VIDEO originally planned, and observed to in the
XMM3 field, in the five bands are Z = 25.7, Y = 24.5, J = 24.4,
H = 24.1 and Ks = 23.8 for a 2 arcsec diameter aperture. We note
however that the observing plan is now to observe to Y = 25.5 at the
expense of Z due to the inclusion of the fields in the Dark Energy
Survey, DES, see Banerji et al. (2015).

In this study, we use the VIDEO data set combined with data
from the T0006 release of the Canada–France–Hawaii Telescope
Legacy Survey (CFHTLS) D1 tile (Ilbert et al. 2006; Gwyn 2012),
which provides photometry with 5σ depths of u∗ = 27.4, g′ = 27.9,
r′ = 27.6, i′ = 27.4 z′ = 26.1 over 1 deg2 of the VIDEO XMM3 tile
(which will be joined by two other adjacent tiles). Note that the i′

filter used for CHFTLS is different from the SDSS i′ filter, and that
these data were collected with the first MegaCam i′ filter (during
the survey the filter had to be replaced by one with a slightly dif-
ferent response). This data set (and the parametrizations discussed
in Section 2.2) has already been used in many extragalactic studies
to data (e.g. Johnston et al. 2015; White et al. 2015). The infrared
VIDEO data for other tiles than XMM3 are now available. How-
ever, the publicly available optical data over these fields (CHFTLS
Wide-1 and the currently public DES data) are shallower than D1,
which would not allow extension to high redshifts. Future work will
extend the analysis in this paper to the wider areas.

2.2 LEPHARE and SEXTRACTOR

The sources in the images are identified using SEXTRACTOR(Bertin &
Arnouts 1996), source extraction software, with 2 arcsec apertures.
See Jarvis et al. (2013) for more details.

The photometric redshifts are calculated using LEPHARE (Arnouts
et al. 1999; Ilbert et al. 2006), which fits spectral energy distribution
(SED) templates to the photometry (Jarvis et al. 2013). LEPHARE gen-
erates a redshift probability density function (pdf); stellar masses,
SF rates, CLASS_STAR (probability of being a star based on com-
pactness) and many other parameters are also calculated. Further
information on detection images used, detection thresholds and the
construction of the SED templates is given in Jarvis et al. (2013).
Fig. 1 shows the stellar masses and photometric redshifts of the
galaxies in the survey.

2.3 Final sample

SEXTRACTOR identifies 481 685 sources in the field with detections
in at least one band. We applied a simple mask to the data in order
to cut out areas dominated by foreground stars and any dead pixels.
The mask was also applied to the random catalogues used in the
calculation of the correlation function (see Section 3.1.1).

Uncertainty in LEPHARE parametrizations (photometric redshift
estimation, etc.) increases at fainter magnitudes, both because the
relative error on fluxes is larger for faint objects and because objects
start to be only detected in a few bands. We use a K-band cut to re-
move all galaxies Ks > 23.5. VIDEO has a 90 per cent completeness
at this depth (Jarvis et al. 2013).

For removing stars from the sample, SEXTRACTOR produces pa-
rameter CLASS_STAR as an indicator of the probability that a
given object is a star, based on whether it appears point-like, but

Figure 1. The mass and redshift of galaxies, considered after application
of the magnitude cut, star exclusion and mask, are shown here in blue. The
red points mark the stellar mass limit for all objects that could be detected
with our apparent magnitude limit of Ks < 23.5, and the green curve the
implied 90 per cent stellar mass completeness limit, following the approach
of Johnston et al. (2015). The red boxes illustrate the redshift and stellar
mass selected subsamples that we consider in subsequent sections.

this has been shown not to perform well up to the magnitudes we
have probed (McAlpine et al. 2012; White et al. 2015). To eliminate
stars from our sample, we define a stellar locus as in Jarvis et al.
(2013), following the approach of Baldry et al. (2010),

flocus(x) =
⎧⎨
⎩

−0.58 x < 0.4
−0.58 + 0.82x − 0.21x2 0.4 < x < 1.9
−0.08 1.9 < x

. (1)

We then remove sources with

J − Ks < 0.12 + flocus(g − i). (2)

McAlpine et al. estimate this cut leaves stars contributing less
than 5 per cent of the sample. The final galaxy sample com-
prises 97 052 sources after masking, removing stars and making a
Ks < 23.5 cut.

3 T H E T WO - P O I N T C O R R E L AT I O N
F U N C T I O N

A range of statistical tools are used to study the interactions
between galaxies and to characterize clustering. There exist
many ways to measure clustering, in particular nearest neighbour
(Bahcall & Soneira 1983), genus (Park, Gott & Choi 2001) and
counts in cells (White 1979). In this study, we focus on the two-
point correlation function, a measure of how much more likely two
galaxies are to be at a given separation than random (in fact, counts
in cells statistics can be derived from the correlation function).

The underlying meaningful physical relation is the full three-
dimensional spatial correlation function; however, we only have the
observables of angular separations and redshift information. Limber
inversion (Limber 1954) gave an early key way of connecting the
two. The two main approaches to connecting the observables to the
spatial correlation function are to either calculate the angular cor-
relation function, and compare to angular projections of the model,
or to use the redshift information to form the projected correlation
function in both transverse and longitudinal directions (which in-
corporates redshift space distortions, which are normally integrated
out), see Davis & Peebles (1983) and Fisher et al. (1994). Here we
focus on the angular correlation function as the projected correla-
tion function requires very precise knowledge of the redshifts of the
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sample to avoid being biased, and is in general more appropriate for
surveys with more accurate redshifts, e.g. spectroscopic surveys.

3.1 The angular correlation function

The angular two-point correlation function ω(θ ) is a measure of
how much more likely it is to find two galaxies at a given angular
separation than a uniform unclustered Poissonian distribution:

dP = σ (1 + ω(θ ))d�, (3)

where dP is the probability of finding two galaxies at an angular
separation θ , σ is the surface number density of galaxies and d�

is solid angle. We require ω(θ ) > −1 and limθ→∞ω(θ ) = 0 for
non-negative probabilities and for non-infinite surface densities,
respectively.

3.1.1 Estimating ω(θ ) numerically

The most common way to estimate ω(θ ) is through calculating
DD(θ ), the normalized number of galaxies at a given separation in
the real data, and RR(θ ), the corresponding figure for a synthetic
catalogue of random galaxies identical to the data catalogue in
every way (i.e. occupying the same field) except position. We use
the Landy & Szalay (1993) estimator

ω(θ ) = DD − 2DR + RR

RR
, (4)

which also uses DR(θ ), data to random pairs, as it has a lower
variance (as an estimator) and takes better account of edge effects,
although there are other estimators (as discussed and compared in
Kerscher, Szapudi & Szalay 2000).

By averaging over multiple average data sets and using RR(θ )
or by letting the number of random data points go to infinity, the
error in RR(θ ) can be considered zero, e.g. essentially becomes a
function of the field geometry. We use 500 000 random data points
in this study. This leaves DD(θ ) as the main source of variance in
our estimation, and is often given as the Poisson error in the DD
counts:

�ω = 1 + ω(θ )√
DD

. (5)

However, this naive approach can significantly underestimate the
uncertainty because adjacent DD bins are correlated. More rigorous
approaches therefore rely on bootstrap methods. The ‘jack-knife’
method consists of blocking off segments of the field and recalcu-
lating to see how much the estimate of the correlation functions
changes. ‘Bootstrap resampling’ consists of sampling the galaxies
with replacement from the data set and recalculating, see Ling,
Barrow & Frenk (1986). Repetition of this process allows the vari-
ance of the ω(θ ) values to be estimated. Lindsay, Jarvis & McAlpine
(2014) found that Poisson errors were a factor of 1.5–2 smaller than
those estimated with bootstrap. In this paper, we use 100 boot-
strap resamplings to estimate the uncertainty at the 16th and 84th
percentiles of the resampling.

The finite size of the survey area results in a negative offset to the
true correlation function, known as the integral constraint:

ωobs(θ ) = ωtrue(θ ) − KIC. (6)

KIC has an analytic expression from Groth & Peebles (1977),

KIC = 1

�2

“
ωtrue(θ )d�1d�2, (7)

where d�1d�2 denotes integrating twice over the field solid angle,
which can be estimated numerically (Roche & Eales 1999) by

KIC = 	RR(θ )ωtrue(θ )

	RR(θ )
. (8)

The integral constraint has the effect of reducing the measured
correlation function at large angles and steepening the gradient.
Therefore, when fitting the correlation functions, we treat the con-
straint as part of the model and fit data to the theoretical observed
function, as in Beutler et al. (2011).

3.2 Non-parametric estimation

Approaches to calculating the correlation function conventionally
involve binning; the galaxy angular separations are put into angu-
lar distance bins (often spaced logarithmically). Although advanta-
geous in terms of simplicity to calculate, and clearer interpretation,
binning data is non-ideal in the sense that it (i) loses information and
(ii) can involve arbitrary choice of bin size. Here we present an alter-
native estimator that finds the correlation function as a continuous
function.

The approach we used was to implement a non-parametric
method for the estimation of DD(θ ), DR(θ ) and RR(θ ), and then
use the estimator of Landy and Szalay as per usual. We use here the
kernel-based density estimator of Parzen and Rosenblatt (Rosenblatt
1956; Parzen 1962) on the set of angular separations to find DD, DR
and RR separately, and then choose kernel bandwidth to minimize
the mean integrated squared error (MISE) for each. Heuristically,
the process can be described thus: first the 1

2 N2 galaxy separa-
tions are calculated. However, rather than being binned by angular
separation, the distribution is calculated by summing kernel distri-
butions (e.g. normal, top hat or tricube, etc.) centred on each point,
and kernel width replaces the role of bin size. If the width of the
kernel is too large, the data are oversmoothed, and features are lost.
If the width is too small, the data are too noisy. There exists an
optimal choice that minimizes the expected error on this method as
an estimator of the true distribution.

We give a brief description of how to choose optimal smoothing
parameters as described in Parzen (1962). Suppose f(x) is the true
function that we are attempting to estimate (in our context it could be
DD(θ )) and that f̂ (x) is our estimation of the function from the data.
The quantity to be minimized is the expected error accumulated over
all x, the MISE:

MISE = E

(∫
(f (x) − f̂ (x))2dx

)
, (9)

which can be re-arranged to

MISE =
∫

b2(x)dx +
∫

v(x)dx, (10)

where

b(x) = E(f̂ (x)) − f (x), (11)

the bias of the estimator at a point and

v(x) = V(f̂ (x)), (12)

the variance of the estimator at a point. Hence, MISE is a function
of the data and the smoothing parameter h. Minimizing MISE is
a compromise between minimizing bias and minimizing estimator
variance.

If our data are Xi (in our case galaxy separations) and our kernel
is K (a smooth symmetric function around zero that integrates to 1
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Figure 2. Illustration of the agreement of the binning approach and the
non-parametric approach to correlation function calculation for a sample
with 1.25 < z < 1.5, M� > 1010.6 M�. The error bars (the secondary lines
in the case of the kernel method) for both the discrete and the continuous
methods represent the 16th and 84th percentiles from bootstrapping.

and goes to zero sufficiently fast; e.g. we use a Gaussian), then our
estimate of the function becomes

f̂ (x) = 1

nh

∑
i

K

(
x − Xi

h

)
, (13)

where h can be chosen to be the standard deviation of the kernel.
Parzen (1962) shows that this estimate is consistent and that the
MISE goes as

MISE ≈ 1

4
c2

1h
4
∫

(f ′′(x))2dx +
∫

K2(x)dx

nh
, (14)

and the optimal h (by differentiation) is

h∗ =
(

c2

c2
1A(f )n

)1/5

, (15)

where c1 = ∫
x2K(x)dx, c2 = ∫

K(x)2dx and A(f) = ∫
(f′′(x))2dx.

Calculating the optimal h value in this manner formally depends
on knowing the true distribution, e.g. if f oscillates wildly with high
frequency, A(f) is high, necessitating a smaller h to pick out features.
We calculate this heuristically by doing a first run with a trial value
of h, fitting a power law to the resulting correlation function and
using this as the true distribution for the purposes of finding h. We
then subsequently use the estimate of the correlation function that
results as our estimate of the true value. We find that typical suitable
values of h are of the order of 0.1–0.2 dex in angular separation, of
comparable order to bin sizes most authors choose heuristically.

There do exist entirely data-driven cross-validation techniques
of choosing h optimally that we do not discuss here; see Bowman
(1984) for a discussion. For continuous estimation of error (which
now takes the form of a band along our estimation of the function),
we repeat the discussed process on bootstrapped data sets and take
the 16th and 84th percentiles point-wise of our multiple estimations
of the correlation function.

To confirm that we are consistent with the binning method, the
correlation function was calculated using the binning approach as
well as the kernel approach for a sample with 1.25 < z < 1.5, M� >

1010.6 M� sample, see Fig. 2. A way of viewing the kernel approach
is that it is essentially the same as binning – except binning uses
a top-hat kernel of arbitrary size for each data point, and does not
always place the kernel directly on top of the data.

3.3 Redshift probability density distributions

The correlation function is often calculated assuming just the best
redshift value for the source, without consideration of the uncer-
tainty in the measurement, e.g. for sources with broad redshift pdfs,
the chance of the object being in a different redshift bin to its best fit
is not accounted for. We take the approach of Arnouts et al. (2002),
and for each redshift bin, we assign galaxies a weight corresponding
to the probability of the galaxy being in that redshift range according
the LEPHARE redshift pdfs, e.g.

Wi =
∫ zupper

zlower

pi(z) dz, (16)

and

DD(θ ) = 2

n(n − 1)h

∑
i,j

WiWjK

(
θ − d(Gi, Gj )

h

)
, (17)

where K is the chosen kernel, h is the kernel width, d(Gi, Gj) is
the angular separation of galaxies i and j and n is the number of
galaxies, n(n − 1)/2 being the number of galaxy pairs. In the limit
of highly accurate redshifts, this method reduces to the approach of
just working with galaxies where the pdf has its peak in the bin. If
we replace the pdf with a Dirac delta function at the peak, as would
be the case in a spectroscopic survey, the approaches coincide.

4 H O D M O D E L L I N G

HOD descriptions of correlation functions have seen great success
in recent years in modelling the correlation function to high degrees
of precision, and giving physical results in agreement with other
methods (e.g. Simon et al. 2009; Coupon et al. 2015). Models typi-
cally prescribe the mean number of galaxies in a halo as a function of
halo mass, assume that the occupation number has a Poissonian dis-
tribution and assume that these galaxies trace the halo profile. Then
the HOD model, choice of halo profile, halo mass function and a
bias proscription can be translated into a spatial correlation function,
and then projected to an angular correlation function. Parametriz-
ing the HOD allows physical information to be extracted via some
fitting process. Variants include fitting simultaneously with cosmol-
ogy (Van den bosch et al. 2013), varying the compactness of the
profile the galaxies follow, allowing the occupation statistics to be
non-Poissonian and investigating if different galaxy samples occupy
the haloes independently (Simon et al. 2009). It is also possible to fit
HOD models using galaxy–galaxy weak lensing data (e.g. Coupon
et al. 2015), background counts in halo catalogues (e.g. Rodriguez,
Merchán & Sgró 2015) and even abundance matching techniques
(e.g. Guo et al. 2015). Our model and approach follow closely those
in Coupon et al. (2012) and McCracken et al. (2015).

4.1 The model

We use the five-parameter model of Zheng et al. (2005), assuming
a Navarro–Frenk–White (NFW) profile (Navarro, Frenk & White
1997) and a Tinker et al. (2010) bias model. We use the HALO-
MOD PYTHON package1 to calculate correlation functions. The five
parameters are

(i) Mmin, minimum halo mass required for the halo to host a
central galaxy;

(ii) M1, the typical halo mass for satellites to start forming;

1 https://github.com/steven-murray/halomod
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(iii) α, the power-law index for how the number of satellites
grows with the halo mass;

(iv) σlog10 M parametrizes how discrete the cut-off in halo mass
for forming a central galaxy is; and

(v) M0, a halo mass below which no satellites are formed.

The numbers of central and satellite galaxies, as well as total
number, are parametrized by the following equations:

〈Ncentral〉 = 1

2

(
1 + erf

(
log10 Mhalo − log10 Mmin

σlog10 M

))
(18)

〈Nsat〉 = 〈Ncentral〉 ×
(

Mhalo − M0

M1

)α

(19)

〈Ntotal〉 = 〈Ncentral〉 + 〈Nsat〉. (20)

Thus, the number of central galaxies as a function of halo mass
behaves as a softened step function and the number of satellites is a
power law that initiates at a characteristic mass. The equations only
allow there to be satellite galaxies when there is a central galaxy.

Given a set of parameters, the model correlation function is con-
structed from a one-halo term on small scales describing non-linear
clustering within a halo constructed from the halo profile, and a
two-halo term on large scales describing clustering between haloes,
constructed from the bias prescription and dark matter power spec-
trum. The transition between the two regimes is typically at approx-
imately 1 Mpc, or around 0.05◦ in angular space at these redshifts.
Within a halo, the first galaxy is assumed to be at the centre of
the halo (the central), and the positions of all subsequent galaxies
(the satellites) trace the profile of the halo. The one-halo term can
thus be further broken down into a central–satellite term, formed
by convolving an NFW profile with a point and weighted by 〈Nsat〉,
and a satellite–satellite term, formed by convolving an NFW profile
with itself and weighted by 〈Nsat(Nsat − 1)〉. The net effect of this
is to add power at smaller radii. This expression for a single halo
is then averaged for all halo masses by integrating, weighting by
the halo mass function. The two-halo term is constructed by finding
the inverse Fourier transform of the dark matter power spectrum
multiplied by the square of the ‘averaged’ bias. The averaged bias
is found by multiplying the number of galaxies in a given halo mass
by the bias of that halo, and then averaging by multiplying by the
halo mass function and integrating over all halo masses to aver-
age. The one-halo and two-halo terms are then summed to find the
spatial correlation function, and then projected using the redshift
distribution to form the angular correlation function. See Coupon
et al. (2012) for a more in-depth description of this process. The
occupation numbers are assumed to be Poissonian when calculating
variables like 〈Nsat(Nsat − 1)〉, etc.

4.2 Incorporating stellar mass ranges in the model

Angular correlation functions, and hence the derived HOD models,
are highly dependent on the magnitude cut or stellar mass range of
the galaxies, which is to be expected as different galaxy samples
typically exist in different haloes. The approach we use to build up
a self-consistent picture of how galaxies of different stellar masses
occupy the haloes is to calculate the correlation function for all the
galaxies above a certain mass threshold, for a range of thresholds.
We then expect the HOD models to be consistent, e.g. a sample
of a higher stellar mass threshold does not predict more galaxies
at a given halo mass than a lower stellar mass threshold! An al-
ternate approach would be to calculate the correlation function for

stellar mass ranges as in Coupon et al. (2015), which reduces the
covariance between measurements. This, however, is better suited
to fitting a global occupation model where the halo occupation is a
conditional function of the stellar mass given the halo mass, because
otherwise the occupation number as a function of halo mass is not
straightforward when there is an upper bound of stellar mass.

4.3 Derived parameters

A halo occupation model also gives the galaxy bias and typical
host halo mass. Galaxy bias describes how overdense or underdense
galaxies are compared to dark matter and can be found by comparing
the galaxy and dark matter correlation functions:

b = δg

δDM
=

√
ξg

ξDM
, (21)

where b is the galaxy bias, δg is the local galaxy overdensity, δDM is
the local dark matter overdensity, ξ g is the galaxy spatial correlation
function and ξ g is the dark matter spatial correlation function. It is
scale dependent, but settles to a constant value at high separations
in the linear regime for standard cosmological models (e.g.
McCracken et al. 2015). A bias at a given redshift also corresponds
to a typical halo mass; both the bias and typical halo mass are
derived quantities from the HOD model (see Zehavi et al. 2005).

We also calculate for completeness r0, the comoving separa-
tion at which the spatial correlation function (for the best-fitting
parameters) is unity. This is useful as it operates as a monotone
one-dimensional measurement of clustering (as opposed to HOD
parameters, which cannot be summarized with one number). It also
allows comparison with studies that study correlation functions with
a power law, which normally model the spatial correlation function
as ξ (r) = (r/r0)−γ . Note that r0 in the context of this paper is a de-
rived parameter of the HOD model; it does not come from a power
law fitted to the correlation function.

4.4 Projecting from 3D and choice of N(z)

Projecting the spatial correlation function to angular space requires
input of N(z), the redshift distribution of the galaxies in the sam-
ple. If the redshift is known precisely for each galaxy, then this is
unambiguous. In Lindsay et al. (2014), for each redshift bin, the
sum of the pdfs that have their peak in that bin is used, e.g. there is
some contribution from outside the bin. However, with the system
of weights, we have only used the part of the probability density
that is in each individual bin. Therefore, we use the sum of the pdfs
just in the part of parameter space considered marginalized over all
other variables, which leads to sharp cut-offs, see Fig. 3. We note a
sharp peak at z ∼ 0.8, which could indicate the presence of a large
structure at this redshift.

4.5 MCMC fitting process

We use EMCEE2 (Foreman-Mackey et al. 2013) to provide a Markov
chain Monte Carlo sampling the parameter space to fit our corre-
lation functions. We use a uniform prior over 0.5 < α < 2.5, 0 <

σ < 0.6, 10 < log10 (Mmin/ M�) < 15, log10 (Mmin/ M�) < log10

(M1/ M�) < 17 and 8 < log10 (M0/ M�) < log10 (M1/ M�) (uni-
form in log space for mass). We used 20 walkers with 1000 steps,
which have starting positions drawn uniformly from the prior.

2 http://dan.iel.fm/emcee/current/
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Figure 3. The redshift distributions used in our analysis for each redshift
bin (arbitrary normalization).

Our likelihood is calculated using χ2 from both the correlation
function and the galaxy abundance,

χ2 = [nobs
gal − nmodel

gal ]2

σ 2
n

+
∑

i

[ωobs(θi) − ωmodel(θi)]2

σ 2
wi

, (22)

where nobs
gal is the observed number of galaxies in the sample, nmodel

gal

is the predicted number of galaxies in that redshift range for a given
model, σ n is the error on the number counts including both Poisson
noise and cosmic variance, θ i are the angular scales we fit at, ωobs

is the observed angular correlation function, ωmodel is the angular

correlation function of a given model and σwi
is the error on the

measured correlation function from the bootstrapping.
As we estimate ω(θ ) as a continuous function, covariance be-

tween measurements is less straightforward. We work around this
by fitting to points equally separated in log space between 0.001◦

and 0.1◦, with the separation chosen to be greater than the smooth-
ing scale of the non-parametric estimation to minimize covariance
between points. We calculate the error on the number counts (which
must include both Poisson noise and cosmic variance) as in Trenti &
Stiavelli (2008).

Finding nobs
gal is complicated by the mask used to remove de-

fects in the field (discussed in Section 2.3), as well as the fact that
each galaxy is effectively in multiple redshift bins (discussed in
Section 3.3). We account for this by instead of counting the galax-
ies, counting the weights, and then rescaling by the amount of field
lost by the mask:

nobs
gal =

∑
i

Wi

1 − A
, (23)

where A is the fraction of the field covered by the mask (0.03 in our
case) and Wi are the weights from equation (16).

5 R ESULTS

We show our results for the halo occupation modelling in Table 1.

Table 1. Parameters from our angular correlation function evaluation and HOD fitting, with corresponding χ2/d.o.f. values for the fits.

Stellar mass threshold ng Mmin M1 α σ M0 b fs r0 χ2/d.o.f.

0.50 < z < 0.75 zmed = 0.62

9.35 6535 11.7+0.063
−0.075 12.9+0.13

−0.21 0.948+0.1
−0.16 0.5+0.078

−0.2 11.8+0.46
−1.3 1.17+0.018

−0.012 0.213+0.044
−0.019 6.21+0.12

−0.085 1.33

9.6 5061 11.8+0.09
−0.083 12.8+0.22

−0.16 0.82+0.15
−0.1 0.412+0.14

−0.23 12.3+0.19
−0.34 1.22+0.024

−0.017 0.196+0.014
−0.016 6.56+0.17

−0.12 0.661

9.85 3877 12.0+0.071
−0.077 13.1+0.16

−0.22 0.948+0.14
−0.19 0.455+0.11

−0.17 12.1+0.41
−1.4 1.24+0.022

−0.016 0.191+0.033
−0.018 6.71+0.14

−0.11 0.918

10.1 2847 12.1+0.053
−0.059 13.1+0.15

−0.23 0.887+0.16
−0.21 0.539+0.047

−0.13 12.2+0.4
−1.5 1.26+0.016

−0.013 0.193+0.061
−0.021 6.92+0.12

−0.098 1.66

10.35 1884 12.3+0.061
−0.084 13.4+0.11

−0.2 0.996+0.11
−0.3 0.507+0.072

−0.18 11.9+0.76
−2.2 1.33+0.024

−0.019 0.175+0.073
−0.026 7.38+0.19

−0.14 1.27
10.6 1022 12.5+0.088

−0.09 13.7+0.087
−0.19 1.23+0.14

−0.35 0.418+0.14
−0.23 12.0+0.95

−2.5 1.47+0.036
−0.034 0.129+0.026

−0.018 8.52+0.27
−0.26 0.839

0.75 < z < 1.00 zmed = 0.88

9.6 9791 11.7+0.052
−0.08 12.9+0.17

−0.24 0.942+0.16
−0.19 0.516+0.065

−0.21 11.9+0.42
−1.4 1.24+0.022

−0.013 0.155+0.028
−0.015 5.68+0.13

−0.076 0.862

9.85 7365 11.8+0.049
−0.058 12.9+0.27

−0.22 0.796+0.27
−0.16 0.529+0.055

−0.12 12.3+0.21
−0.83 1.27+0.017

−0.013 0.149+0.015
−0.014 5.89+0.1

−0.073 0.896

10.1 5453 12.0+0.049
−0.069 13.0+0.2

−0.22 0.806+0.24
−0.19 0.523+0.059

−0.18 12.3+0.26
−0.75 1.32+0.022

−0.017 0.144+0.017
−0.013 6.17+0.14

−0.1 1.2

10.35 3824 12.1+0.049
−0.061 13.4+0.11

−0.19 0.92+0.19
−0.29 0.53+0.052

−0.14 12.1+0.43
−2.1 1.35+0.021

−0.015 0.119+0.043
−0.013 6.35+0.13

−0.093 1.43

10.6 2330 12.3+0.074
−0.082 13.7+0.14

−0.16 0.965+0.21
−0.32 0.426+0.12

−0.18 12.3+0.42
−1.9 1.46+0.029

−0.025 0.0945+0.026
−0.013 7.11+0.19

−0.16 0.549

10.85 1023 12.6+0.03
−0.038 14.2+0.22

−0.18 0.633+0.21
−0.11 0.585+0.012

−0.036 12.3+0.27
−1.7 1.52+0.017

−0.015 0.101+0.12
−0.018 7.52+0.11

−0.1 4.33

1.00 < z < 1.25 zmed = 1.12

9.85 7512 11.8+0.11
−0.084 13.2+0.15

−0.074 1.21+0.074
−0.14 0.339+0.17

−0.2 10.4+1.5
−1.4 1.46+0.026

−0.027 0.13+0.029
−0.022 6.09+0.14

−0.15 0.229

10.1 5529 12.0+0.063
−0.082 13.2+0.14

−0.24 1.04+0.22
−0.29 0.467+0.097

−0.2 12.2+0.42
−1.1 1.5+0.029

−0.021 0.115+0.018
−0.016 6.34+0.17

−0.11 0.521

10.35 3892 12.2+0.051
−0.062 13.4+0.071

−0.06 1.15+0.082
−0.19 0.535+0.049

−0.11 11.1+1.1
−1.8 1.53+0.021

−0.018 0.115+0.037
−0.023 6.48+0.12

−0.11 0.689

10.6 2412 12.3+0.05
−0.089 13.7+0.13

−0.074 1.07+0.13
−0.17 0.532+0.052

−0.18 10.7+1.3
−1.7 1.62+0.036

−0.023 0.13+0.066
−0.042 7.06+0.21

−0.14 0.937

10.85 1064 12.6+0.091
−0.091 13.9+0.29

−0.11 1.25+0.28
−0.5 0.378+0.17

−0.21 11.8+1.1
−2.1 1.93+0.058

−0.054 0.068+0.021
−0.012 8.95+0.36

−0.34 0.635

1.25 < z < 1.70 zmed = 1.48

10.1 10 800 11.9+0.065
−0.036 13.3+0.057

−0.12 1.36+0.11
−0.32 0.188+0.15

−0.13 11.4+0.98
−2.0 1.78+0.021

−0.027 0.076+0.011
−0.0087 6.47+0.11

−0.14 0.437

10.35 5875 12.1+0.053
−0.033 13.5+0.075

−0.16 1.41+0.17
−0.46 0.119+0.14

−0.085 11.8+0.88
−2.4 1.98+0.027

−0.026 0.0575+0.0081
−0.0076 7.54+0.14

−0.14 0.932

10.6 2542 12.4+0.088
−0.068 14.0+0.45

−0.16 1.06+0.38
−0.43 0.329+0.13

−0.15 12.2+0.67
−2.2 2.16+0.036

−0.044 0.0369+0.016
−0.0076 8.52+0.2

−0.24 1.41
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Figure 4. The angular correlation function for different redshift ranges and masses denoted in each panel. The lower x-axis denotes angular scale, the upper
x-axis the corresponding projected comoving distance and the y-axis the correlation function. The fainter, dashed, upper and lower bands represent the error
bars on the measurements, discussed in Section 3.2. For the clarity of the plot, we only show alternate stellar mass samples in the first three redshift bin subplots.

5.1 Redshift and stellar mass selection

We divided the data into four redshift bins (0.50 < z < 0.75, 0.75 <

z < 1.00, 1.00 < z < 1.25 and 1.25 < z < 1.70) and seven mass bins
(109.35 M� < M�, 109.6 M� < M�, 109.85 M� < M�, 1010.1 M� <

M�, 1010.35 M� < M�, 1010.6 M� < M� and 1010.85 M� < M�), see
Fig. 1. For each bin, we calculated the angular correlation function
as described in Section 3.1. Fig. 4 shows our measurements. In each
bin, we see near-power-law behaviour, with some bins suggestive
of the kink associated with the transition from the one-halo to the
two-halo term, although the impact of the integral constraint at large
angular scales means this transition is unlikely to be self-evident
until we have access to the larger angular scales present in the full
VIDEO survey. The clear trend of clustering increasing with stellar
mass threshold at all scales is visible in all redshift bins. After the
correlation function was calculated, we fit an HOD model for each
subsample, as described in Section 4.

In general, good fits to the data were obtained. Fig. 5 shows a
representative correlation function and best-fitting model – a close
agreement is obtained. Other bins generally achieved similar levels
of accord, shown in Appendix A in Fig. A1. Our fits had χ2/d.o.f.
values (showing in Table 1) between 0.228 and 1.66, with the
exception of the 0.75 < z < 1, 1010.85 M� < M� bin, which had
χ2/d.o.f. = 4.33. This suggests that the data were well described
by the HOD model in all cases apart from one bin. Consistent with

Figure 5. Comparison of our best-fitting model and the clustering data (the
band represents the 16th and 84th percentiles of the bootstrapping) for a
sample redshift and stellar mass bin. Note that the model is fitted to the
number counts as well as the clustering measurements shown here.

these χ2/d.o.f. results, the outlier bin in question is seen in Fig. A1
to have a correlation function that does not fit into the pattern of
measurements in the other mass ranges in the same redshift bin –
the massive galaxies at this redshift appear to have an unusual spa-
tial distribution (conceivably associated with the sharp peak in the
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Figure 6. Evolution of the HOD parameter Mmin and M1 as a function of
stellar mass in the four redshift bins denoted in the legend.

Figure 7. Evolution of the ratio of the HOD parameters M1 to Mmin as a
function of stellar mass in the four redshift bins denoted in the legend.

redshift distribution at z ∼ 0.8). Since there were still enough data
to make a good measurement of the clustering, and it was possible
to make a moderate fit, we still include the results from this bin
in subsequent plots, but note that the results for this bin might be
subject to some unknown systematic effect.

5.2 Mmin, M1 and the mass gap

Fig. 6 shows both Mmin and M1 growing as approximate power
laws with median stellar mass, with little to no evidence of redshift
evolution. Mmin and M1 can be thought of as the halo masses required
to host the first and second3 galaxies in a halo, respectively; this
shows the well-known result that more massive galaxies reside in
more massive haloes. M1 remains slightly more than an order of
magnitude more massive than Mmin over all our stellar masses. We
do not detect any upturn in M1 at stellar masses >1010.5 M� seen
in McCracken et al. (2015), although this is perhaps not surprising
as we do not reach to as high masses as UltraVISTA (due to the
slightly smaller area used in this paper), and based on their results
would only expect to see the upturn in our highest mass range.

Fig. 7 shows M1/Mmin, the ‘mass gap’ between forming the first
galaxy and forming the second. In our stellar mass ranges, the
ratio appears to be constant with moderate scatter, potentially in-
creasing at higher stellar masses. Again, we see little redshift evo-

3 Because of M0 this is not strictly true for the second galaxy; however,
when M0 � M1, as for our data, the approximation holds.

Figure 8. Comparison of our HOD results with similar modelling of Ultra-
VISTA data in McCracken et al. (2015).

lution, as expected from Fig. 6. We do not probe to low enough
masses to see if we find an upturn at the lowest masses as in Mc-
Cracken et al. (2015). We do find however that this ratio ranges from
around 10–20 at these stellar masses (albeit with large error bars),
whereas McCracken et al. (2015) find the ratio to be around 5–10
for the same stellar masses. McCracken et al. suggest that their re-
sults help explain why different literature results measure different
ratios – that different surveys are biased towards different stellar
masses, and thus correctly obtain different results. However, this
does not explain the discrepancy between our two results, as we are
explicitly controlling for stellar mass (although other surveys do
report results not dissimilar to those in this paper; e.g. Zehavi et al.
2011). We suggest that the result is likely due to a combination of
variance between the fields and the fact that for both VIDEO and
UltraVISTA the field sizes only allow access to a small part of the
two-halo term, in the part of angular space where it is most difficult
to account for the integral constraint. Fig. 8 shows our results plotted
alongside the UltraVISTA results, showing close agreement, apart
from the high stellar mass end for M1, where we report slightly
higher values. VUDS covered the COSMOS field (that UltraVISTA
covers) and largely overlapped the D1 field studied in this paper
(in the VUDS VVDS-02h field). Durkalec et al. (2015b) report, for
samples with otherwise identical selection, slightly more clustering
power at larger scales in the COSMOS field, so slight clustering
variance between these fields is not without precedence. We antici-
pate that the origin of the discrepancy will become more clear with
the full VIDEO survey.

5.3 α and σ

Fig. 9 shows α for our four redshift bins, which parametrizes how
the number of satellites grows with stellar mass. We see very little
evolution with either redshift or stellar mass, with typical best-fitting
values of ∼1, which can be interpreted as the number of subhaloes
growing in proportion to the halo mass, which is to be expected.
Although there appears to be some weak evolution towards higher
α values at high redshift, we are cautious to claim a trend for the
following reasons. First, the trends are of the order of the size of
our error bars. Secondly, measurements in the same redshift bin are
not independent, so trends seen for all the stellar mass values in a
given redshift bin relative to another redshift bin are not necessarily
significant. Thirdly, each redshift bin is a spatially separated part of
the Universe, and comparison with UltraVISTA suggests that the
variation between redshift bins is of a similar order to that expected
from cosmic variance. In addition, the five HOD parameters are not
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Figure 9. Evolution of the HOD parameter α as a function of stellar mass
in the four redshift bins denoted in the legend. The dotted line represents
α = 1.

Figure 10. Evolution of the HOD parameter σ as a function of stellar mass
in the four redshift bins denoted in the legend.

independent from each other for a given sample, so samples having
outlier values of α can have corresponding outlier values of the
other parameters.

Fig. 10 shows σ , which parametrizes how critical the step jump
in halo mass is to form the first galaxy at Mmin, equivalently the
scatter in halo mass at fixed stellar mass for central galaxies. We
see no substantial redshift or stellar mass dependence, measuring a
constant value of around 0.3–0.5. We note in some samples the pos-
terior of σ pushes close to the boundary of our prior. Both Coupon
et al. (2012) and McCracken et al. (2015) report similar findings,
Coupon et al. (2012) suggesting that sample incompleteness due
to photometric errors could lead to missing central galaxies and
hence high scatter. Alternatively, it could be the case that the z = 0
motivated five-parameter model we use here is less appropriate at
higher redshifts. Zheng et al. (2005) give an interpretation of σ

in terms of the scatter in the stellar mass at fixed halo mass: if
the functional form for the number of central galaxies is an error
function, then at a fixed halo mass the distribution of log (Mgal) is
Gaussian. For M� ∝ M

μ
halo at that halo mass, the galaxy mass scat-

ter can be expressed by μ × σ = σMgal , where σMgal is the scatter
in stellar mass at fixed halo mass. Using stellar mass threshold for
stellar mass, and Mmin for halo mass (Coupon et al. 2012), we mea-
sure μ ≈ 2 and thus σMgal ≈ 0.8. An alternate way of probing the
halo mass-to-stellar mass ratio is the Tully–Fisher relation (Tully &
Fisher 1977), which relates rotational velocity to galaxy luminos-
ity for spiral galaxies. However, the rotational velocity can give a
measure of the dynamical mass, dominated by the halo mass, and

Figure 11. Plot comparing HOD parameters Mmin and M0 in the four
redshift bins denoted in the legend. A one-to-one line is overplotted as a
guide.

modern stellar models can convert the luminosity into a measure
of stellar mass (e.g. the redshift and mass according to the VIDEO
photometry). Zheng et al. (2005) found a value of σ = 0.15 in their
smoothed particle hydrodynamics simulation, in good agreement
with dispersion measurements in the Tully–Fisher relation at z = 0.
Tiley et al. 2016 (submitted) find a greatly increased scatter at
z ∼ 1 relative to z = 0 in the KMOS Redshift One Survey, reporting
a scatter of 0.32 dex in stellar mass at fixed stellar dynamical mass
for their full sample. Although direct comparisons are difficult as
the correspondence between dynamical mass and halo mass is non-
direct, and the selection methods between wide-field and integral
field surveys are very different, the pictures of increasing scatter at
higher redshifts suggested by the two methods qualitatively agree.
Subhalo abundance matching (SHAM) techniques also report dis-
persion of the order of about 0.2 at low redshift, e.g. z = 0.05 in
Reddick et al. (2013); however, as discussed in that paper, the scatter
is partially an underlying assumption of the technique as opposed
to a measurement.

5.4 Insight into substructure

Kravtsov et al. (2004) suggest that M0 can be interpreted in terms
of halo substructure. Below this quantity no satellites form, leading
to the satellite occupation number to drop off more sharply than
a power law. Within the paradigm of satellite galaxies living in
subhaloes, M0 can be viewed as the mass at which the halo is big
enough to have enough substructure to have subhaloes capable of
hosting their own galaxies. SHAM methods assume that the SMHR
is unchanged for subhaloes. If we assume that Mmin can be viewed
as the typical halo mass for that stellar mass, then M0 can be viewed
as the minimum halo mass to have a subhalo of mass Mmin (and
hence a satellite galaxy of that stellar mass). We compare them in
Fig. 11, which shows that our constraints on M0 are in general poor,
but that M0 is typically only slightly larger than Mmin, suggesting
that at these times haloes were rich in substructure, and could have
subhaloes close in size to the whole halo. Conversely, a value of M0

significantly larger than Mmin would have suggested that haloes in
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Figure 12. Galaxy bias as a function of stellar mass at the four redshift bins
denoted in the legend. We see bias increasing with stellar mass, and also
increasing with redshift.

the given epoch were poor in substructure, and that all subhaloes
were dramatically smaller than the mass of the whole halo. This is
in contrast to measurements at z = 0, by which time much of this
substructure is destroyed by tidal stripping, and dynamical friction
has slowed their orbits until they fall into the centre (e.g. Zentner
et al. 2005), and we see an M0 much larger than Mmin.

5.5 Derived parameters

We show our measurements of the bias b in Fig. 12 and see the clear
decrease in b towards low z (as galaxies become better tracers of
the underlying dark matter and more closely follow its large-scale
distribution). The established trend of bias increasing with galaxy
mass is also evident, corresponding to more massive galaxies prefer-
entially forming in larger dark matter haloes, which are themselves
more highly biased towards denser regions of dark matter. Note that
a decrease in bias with time alone is difficult to interpret. It could be
from galaxy populations moving to less massive, less biased haloes
over time, shifting the median host halo mass to lower values. Or it
could be merely from the halo bias evolution. Only with a full HOD
analysis can we see that the decreasing bias is predominantly from
the latter, and that bias–redshift trends are driven by the haloes
becoming better tracers of the overall matter distribution, as op-
posed to significant evolution in the galaxy–halo relation. Durkalec
et al. (2015b) measure the galaxy bias from clustering to be ∼2.6
at z ∼ 3 in the COSMOS field in VUDS, which appears consistent
with what one could expect extrapolating our bias measurements to
higher redshifts.

Our estimates of the satellite fraction (Fig. 13) are consistent with
McCracken et al. (2015), decreasing with redshift (as the higher
mass haloes within which most satellites reside would be yet to
form). As expected, there are more satellites at low redshifts; at z

∼ 1.5 only around 5 per cent of galaxies are satellites, which rises
to around 20 per cent by z ∼ 0.65. The satellite fraction also begins
to drop off slightly at stellar masses above ∼1010.5 M�, as these
galaxies are only formed as centrals in higher mass haloes, and the
even more massive haloes within which they would be satellites are
very rare.

Our measurements of r0 (Fig. 14) are also qualitatively similar
to McCracken et al. (2015), although as with our halo masses we
do not yet see evidence for the upturn at higher masses. Our lowest
redshift bin is offset relative to the others, but this is to be expected,
as it was also offset to higher halo mass values (Fig. 6), and even
for just fixed halo masses we would expect some r0 evolution as the

Figure 13. The satellite fraction as a function of stellar mass at the four
redshift bins denoted in the legend. We see a flat fraction, tailing off at high
masses, and more satellites at low z as expected.

Figure 14. Evolution of r0 with stellar mass. Colour represents redshift bin.

correlation function of dark matter increases towards lower redshift
at fixed radii, independently of the halo occupation.

5.6 Stellar mass-to-halo mass ratio

The SMHR is the total stellar mass in a halo (e.g. the stellar masses
of all the galaxies in a halo summed) divided by the halo mass,
and can be thought of as a measure of the SF and galaxy accretion
history of a halo, or its global star accumulation efficiency for the
whole halo. Evidence from the literature suggests that it has a peak
at halo masses of 1011.8–1012.4 M� (see fig. 11 in McCracken et al.
2015, highlighting debate in the literature about possible redshift
dependence), and is often modelled with a double power law as
in Yang, Mo & van den Bosch (2003). We estimate the SMHR by
simply integrating our HOD models (broken into central and satel-
lite contributions as in Coupon et al. 2015) and bootstrapping the
errors (Fig. 15). It can also be estimated by analytic inversion if the
HOD model is fitted globally (e.g. HOD parameters are expressed
as functions of stellar mass, as in Coupon et al. 2015) or abun-
dance matching techniques with an N-body simulation (Kravtsov
et al. 2004; Conroy, Wechsler & Kravtsov 2006; Vale & Ostriker
2006), or from lensing measurements (as in Hudson, Harris &
Harris 2014). Simply integrating the HODs suffers systematics in
that it can only underestimate the total stellar mass (as we simply do
not include lower mass galaxies that the survey cannot detect and
it has an artificial upper limit on galaxy mass because the massive
galaxies are too rare to make clustering measurements). We also
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Figure 15. The SMHR for different redshifts, divided into contribu-
tion from central galaxy and satellite galaxy. We plot for comparison
M�/Mhalo = (�b/�DM) and M�/Mhalo = (��/�DM) from Fukugita &
Peebles (2004).

underestimate our error bars by bootstrapping each of our HOD
models independently; in practice, there is moderate covariance
between the models as galaxies appear in multiple correlation func-
tions as we used stellar mass thresholds. However, it has the advan-
tage of simplicity and does not make extrapolations to galaxies the
survey cannot study – either because of flux or volume limitations.
Our estimates of the SMHR rise from very low values at low halo
masses (where haloes only host a galaxy with a low probability),
to reach a peak of M�/Mhalo ∼ 10−1.9 at a halo mass of ∼2 ×
1012 M�, in a regime where the central galaxy is much more mas-
sive than any satellites. It then declines to a local minimum at ∼3 ×
1013 M∗/M�, where the transition from most stellar mass being in
the central galaxy to most being in satellites occurs. Subsequently,
the number of satellites grows as a power law, and the SMHR grows
again in the regime of clusters of hundreds of galaxies. This pic-
ture is in qualitative agreement (peak and local minimum before a
power law at ultramassive haloes) with Coupon et al. (2015) who
conclude that including satellites in the SMHR can boost its value
by an order of magnitude, which agrees with our findings. Durkalec
et al. (2015a) fit HOD models to the projected correlation function
in VUDS and measure the SMHR at z ∼ 3, finding that the SMHR
reaches the slightly higher value of M�/Mhalo ∼ 10−1.6. This could
represent slight evolution, although it is very hard to make direct
comparisons, given difficulties of making consistent comparisons
of stellar mass estimates at different redshifts. Our values of halo
mass for peak SMHR are consistent with most of the literature
values, with weak/no strong redshift dependence (Fig. 16). Note
that not all techniques of calculating the SMHR are equivalent.
Different definitions of halo mass aside (Mvir versus M200), some
authors effectively quote the central to halo mass, and some (as we
do here) quote the sum of the stellar mass of all the galaxies in the
halo. McCracken et al. (2015) use median stellar mass to halo mass
Mmin. We, as per Coupon et al. (2012), use threshold stellar mass
to Mmin, which explains why our SMHR measurements are consis-
tently lower than McCracken et al. We can be moderately confident
in our measurements around the peak, as it is in the range of halo
masses probed by our HOD analysis (see Fig. 6), but the estimates
far outside this range should be approached with some caution. In
particular, the apparent redshift dependence at low stellar masses is
an unphysical consequence of not probing to lower stellar masses
at high redshifts, and the central galaxy mass-to-halo mass ratio at
high halo masses is unrealistically shallow as we cannot measure
clustering for the most massive galaxies.

Figure 16. The redshift dependence of the peak of the SMHR from the
data.

We also show in Fig. 15 the line M�/Mhalo = (�b/�DM) (using
�b = 0.049), showing the ratio of baryonic to dark matter for the
whole Universe. Our measurements are safely under the line (e.g. we
do not have more stellar mass than total baryons!) and indeed show
that only a small fraction of baryons are in galaxies, as expected.
We also plot the z = 0 line for the mass estimated to be in stars
(6 per cent of baryons, from Fukugita & Peebles 2004). Although
just an average, we see that around the peak of the SMHR, where the
main contribution to stellar mass is, we are very close to ��/�DM,
consistent with most, but not all stellar mass seen today having
assembled at z ∼ 1.

It is perhaps surprising that we see little evolution in the connec-
tion between galaxies stellar mass and their host haloes over their
redshifts, particularly when other properties of galaxies are known
to vary dramatically over the same epoch. For example, global co-
moving SF density is well known to drop by around half an order of
magnitude from z ∼ 2 to z ∼ 0.5 as galaxies increasingly have less
gas to form new stars from, see Madau & Dickinson (2014) for a
review. Similarly, the (potentially associated) global supermassive
black hole accretion density also drops by up to an order of magni-
tude (e.g. Hirschmann et al. 2014). Morphological properties (e.g.
Sérsic indices) of galaxies are believed to be relatively stable from
the local Universe to z ∼ 1 (Cassata et al. 2007), but are typically
observed to be dramatically different by z ∼ 2 onwards (Lee et al.
2013). All these additional properties are extremely important in
understanding galaxy evolution and the galaxy–halo connection. In
a follow-up paper, we will build on our work here which only incor-
porates stellar mass measurements, by investigating the interplay
between the halo mass and the onset of SF, incorporating SF rate
measurements and other galaxy properties.

6 C O N C L U S I O N S

We have used data from the VIDEO survey to investigate the galaxy–
halo relation using 10-band photometric redshifts and stellar mass
estimates. In particular, we have studied the clustering of galaxies
with the two-point correlation function up to z ∼ 1.75, using the
Parzen–Rosenblatt estimator to calculate the correlation function in
a novel way without angular space binning and showing it to be
consistent with previous methods. Then an HOD analysis of the
galaxy clustering was performed to give information about how
galaxies occupy haloes over cosmic time, as well to derive standard
properties like the bias of galaxies and their satellite fraction. On
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the whole, our data were found to be in good agreement with other
surveys and clustering analyses, in particular the closely related Ul-
traVISTA survey, another public VISTA survey currently at similar
depths and breadths to VIDEO, which in subsequent data releases
will get deeper as VIDEO gets wider.

We see no substantial change in the occupation relations over
time; all changes are driven by the change in the halo population.
Typical halo mass increases with galaxy mass, and the ratio of the
halo being sufficiently massive for one galaxy to two is around 15,
suggesting that it is the typical mass ratio between a halo of a given
mass and a halo massive enough to have enough substructure to have
a subhalo of that given mass. The power-law relation for the number
of satellites in a halo was ∼1, and the scatter in halo mass to galaxy
mass broadly consistent with Tully–Fisher measurements at similar
redshifts. We found that bias increases with stellar mass, as galax-
ies are found in more massive, more biased haloes, and decreases
with time, as the haloes trace the large-scale dark matter distribu-
tion more accurately. The satellite fraction drops at high redshifts
as the more massive haloes within which satellites are found have
not yet collapsed, and at high stellar masses as the supermassive
haloes within which high-mass galaxies could be satellites are ex-
traordinarily rare. Finally, our estimate of SMHR, although limited
by the range of masses VIDEO currently probes, is in reasonable
agreement with other studies, with a peak at a halo mass of around
2 × 1012 M� that is approximately constant in redshift.

UltraVISTA and VIDEO currently are probing similar parts of
parameter space but will start to diverge in future data releases.
VIDEO–UltraVISTA complementarity is key – UltraVISTA gives
a single instance of structure, we present another here, and future
VIDEO results will subsequently give many more. UltraVISTA
DR2 will probe several orders of magnitude deeper in the same field
in all their near-infrared bands, allowing extension of their analysis
to z > 4, and to lower stellar masses. Future work in subsequent
VIDEO releases (when deeper optical data are available) will extend
to larger areas over three separate fields (eventually 12 deg2 in total),
reducing uncertainty on measurements on the parameters reported
in this paper, extending the angular scales probed by a factor of
∼3 (allowing a better constraint on both the one-halo and two-halo
terms), extending to more massive galaxies (allowing better analysis
of the ‘kink’ in halo mass at high stellar masses), and giving an initial
measure of cosmic variance by comparing results between the three
fields.
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Rosenblatt M., 1956, Ann. Math. Stat., 27, 832
Sheth R. K., Tormen G., 1999, MNRAS, 308, 119
Simon P., Hetterscheidt M., Wolf C., Meisenheimer K., Hildebrandt H.,

Schneider P., Schirmer M., Erben T., 2009, MNRAS, 398, 807
Tiley A. L. et al., 2016, preprint (arXiv:1604.06103)
Tinker J. L. J., Robertson B. E. B., Kravtsov a. A. V., Klypin A., Warren M.

S. M., Yepes G., Gottlober S., Gottlöber S., 2010, ApJ, 724, 11
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A P P E N D I X A : H O D F I T S

We show in Fig. A1 our measurements and corresponding HOD fits
to the data discussed in Section 5. Good fits were obtained in all
cases apart from the 0.75 < z < 1, 1010.85 M� < M� bin.

Figure A1. The measured correlation functions in our data and the corresponding HOD best fits. Sub-figures in the same column have the same redshift, and
sub-figures in the same row have the same stellar mass range. The coloured filled lines are the data (blue to red corresponding to increasing stellar mass), and
the lower and upper bands are 16th and 84th percentiles from the bootstrapping. The dashed black line is the model correlation function from the best fits. χ2

values for each fit are shown in the upper right of each sub-figure.
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