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ABSTRACT

We present a quadratic estimator that detects and reconstructs spatially varying multiplicative (m-) bias in weak lensing
shear measurements, by exploiting the EB mode coupling that it generates. The method combines E and B modes with
inverse-variance weights, to yield an unbiased reconstruction of m(@) to first order. We study the ability of future Stage IV
surveys to obtain an unbiased reconstruction of the m-bias in differing scenarios, considering differing bias morphologies,
and characteristic scales, as well as differing metrics to quantify the signal-to-noise ratio of the reconstructed map. We
consider an m pattern repeating on ~ 1° x 1° sky patches, as might be the case for an m field caused by focal-plane
systematics. With a Euclid-like redshift distribution, we find that ~ 5 per cent root mean square (rms) variations in m-
bias may be detected at the 200 level, after stacking between ~ 400 and ~ 1000 patches (rising to between ~ 2800 and
~ 7600 for 1 per cent rms variations, data volumes that are becoming available with upcoming surveys), depending on
the morphology of the m pattern. We show that these results are robust against the cosmological model assumed in the
reconstruction, as well as the presence of intrinsic alignments or baryonic effects, and that the method shows no spurious
response to additive (c-) bias. These results demonstrate that percent-level, spatially varying m-bias can be detected at high
significance, enabling diagnosis and mitigation in the Stage IV weak lensing era.
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for biased and true cosmic shear, y%#¢¢ and y ™, respectively.!

There may be multiple effects contributing to these biases, includ-

1 INTRODUCTION

Stage IV weak lensing surveys have the potential to make sig-
nificant improvements in our understanding of the cosmological
model (A. Albrecht et al. 2006), a prospect which is now being
realized with large-area, high-accuracy surveys such as Euclid
(Euclid Collaboration 2025) and the Vera Rubin Observatory’s
Legacy Survey of Space and Time (LSST; The LSST Dark Energy
Science Collaboration 2018). However, it is widely recognized
that the achievement of accurate cosmological inference from
weak lensing surveys requires understanding and mitigation of
a wide range of systematic effects (R. Mandelbaum 2018).

In the weak lensing regime, where the shear due to gravita-
tional lensing is small (<0.01), it is common to express the effects
of systematic biases to leading order as linear multiplicative (m-)
and additive (c-) biases (C. Heymans et al. 2006; D. Huterer et al.
2006),

ybiased ~ (1 + m)ycosm +e, (1)
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ing both astrophysical and measurement systematics. Among the
set of measurement systematics, the errors in the modelling and
correction for the imaging point spread function (PSF) may cause
both m- and c-biases (S. Paulin-Henriksson et al. 2008; R. Massey
et al. 2013), and these biases may be further decomposed into
correlations with parameters of the measurement, such as ‘PSF
leakage’ (M. Jarvis et al. 2016).

Among the additive biases, methods have been developed to
detect these in data. One set of methods is based around cross-
correlation with expected sources of error, such as the ‘Rho’
statistics of B. Rowe (2010) and M. Jarvis et al. (2016), and ‘“Tau’
statistics of M. Gatti et al. (2021), with cross-correlation between
measured galaxy shapes and both PSF ellipticity and size and
PSF modelling error. Alternatively, additive bias that has some
repeating pattern, for example due to time-invariant errors on the
scale of the field of view (FOV) due to PSF modelling error, may
be revealed in the data by stacking of galaxy ellipticity measures

IWe should note that here we neglect the distinction between reduced
shear g and shear y, as it does not make a difference for the formalism
we develop in this work. Therefore, from now on, we treat ybsed a5 the
observed shear field.
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from a wide sky area in FOV coordinates (e.g. E. Uitert & P.
Schneider 2016; H. Hildebrandt et al. 2020). Finally, template
deprojection techniques may be employed to mitigate the impact
of additive bias from sources with a known spatial pattern (D.
Alonso, J. Sanchez & A. Slosar 2019; T. Cornish et al. 2026).

PSF modelling errors may also generate multiplicative bias:
specifically, it is expected that errors in the knowledge of PSF size
lead to joint m- and c-bias (S. Paulin-Henriksson et al. 2008; R.
Massey et al. 2013). The statistical measurement of galaxy shear
generally also introduces m-bias (P. Melchior & M. Viola 2012; A.
Refregier et al. 2012), which must be corrected either by realistic
simulations (e.g. S.-S. Li et al. 2023) or by self-calibration (e.g.
‘metacalibration’; E. Huff & R. Mandelbaum 2017; E. S. Shel-
don & E. M. Huff 2017). Further sources of measurement m-
bias include the effects of galaxy neighbours, blends and redshift
biases (S. Samuroffet al. 2018; N. MacCrann et al. 2022). However,
the direct detection of m-bias in weak lensing data is problematic:
the shear-ratio test of B. Jain & A. Taylor (2003) and A. N. Taylor
et al. (2007) may be used to detect redshift-dependent m-bias (P.
Schneider 2016), but only with limited sensitivity. For this reason,
obtaining accurate knowledge of the total m-bias in Stage IV weak
lensing surveys is considered to be one of the most challenging
aspects of the analysis (R. Mandelbaum 2018).

When calibrating m-bias in Stage III surveys, from simulations,
it has generally been assumed that the bias may be dependent
on galaxy properties, such as galaxy size, and hence may also
be redshift-dependent (S.-S. Li et al. 2023). However, it has been
assumed that the bias is otherwise invariant with sky position.
It had been thought that the effects of spatially varying m-bias
would be negligible, with accurate knowledge only required of
the mean m-bias (T. D. Kitching et al. 2019). More recently, how-
ever, it has been recognized that spatially dependent m-bias may
have a significant convolutional effect on measured shear power
spectra: for Stage IV surveys, percent-level root mean square
(rms) variations in m-bias on angular scales of degrees or larger
may introduce a significant error in Stage IV cosmology analyses
(C. Cragg et al. 2023).

A spatially varying m-bias effectively leads to a spatial modu-
lation of the true shear field, inducing additional statistical cou-
plings between different independent Fourier modes and shear
components. This is reminiscent of the impact of gravitational
lensing on the cosmic microwave background (CMB) tempera-
ture and polarization anisotropies, in the form of a spatial mod-
ulation proportional to the gradient of these anisotropies. The
statistical coupling induced by this modulation can then be used
to reconstruct the field causing it (the lensing potential or the
reionization in the case of CMB lensing, or the m-bias in the
case of cosmic shear), by considering correlations between un-
equal Fourier modes, through the so-called ‘quadratic estimator’
approach (A. Lewis & A. Challinor 2006; C. Dvorkin & K. M.
Smith 2009). Other applications of the quadratic estimator in-
clude the removal of CMB systematics (J. Williams et al. 2021).
Here we present a quadratic estimator for the reconstruction
and detection of a spatially dependent m-bias in cosmic shear
data.

This paper is structured as follows. Section 2 introduces the
method. We discuss how the method may be applied either to
cross-correlation with templates of potential systematic effects,
or in a direct-detection method where we stack on the scale of
the FOV - in either case somewhat analogously to what may
already be achieved for additive bias detection and measurement.
Section 3 describes how the method is demonstrated in this paper,
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using some simplified models, with results and conclusions in
Sections 4 and 5.

2 METHOD

2.1 Introduction to the method

The m-bias detection method acts on the harmonic space two-
point functions, E and B, which we start by defining here. For
the demonstration in this paper, we assume the flat-sky approx-
imation, so that angular coordinates # can be treated as two-
dimensional vectors on a plane.? The spin-2 cosmic shear field
is described by two components y;(#) and y,(#), which can be
combined into a complex field y(0) = y1(0) + iy»(0). This field
can be decomposed into E-mode and B-mode components via the
Fourier transform of y:

d? .
y(0) = / ﬁy(ael‘”, @)

where y (£) is the shear in Fourier-space. In terms of the Fourier-
space y; and y;, one can obtain the E and B modes by a rotation
in Fourier space (e.g. W. Hu 2000; P. Schneider 2006):

E(8) = y1(€) cos(2¢e) + y2(£) sin(2¢¢ ), (3)
B(t) = —y1(£) sin(2¢¢) + y2(£) cos(2¢e ) , C))

with ¢, the polar angle of the wavevector £. By construction,
E(£)and B(£) are real-valued fields describing the parity-even and
parity-odd components of the shear field, respectively. At linear
order, and in the absence of systematics, the cosmological shear
signal ™, due to gravitational lensing by large-scale structure,
is expected to produce entirely E-mode power. We therefore con-
sider the cosmological B-mode to be zero, B°*™(£) = 0, and that
all cosmological shear information resides in E*™(£).> Assum-
ing statistical isotropy, the E-mode angular power spectrum CEE
is defined by

(Em (OB (£)) = (2 P5P(¢ — €)CE, 5)

where 8P is the two-dimensional Dirac delta function. Thus, any
measured B-modes in the observed shear field y?®¢d could there-
fore be an indicator of systematic effects or noise. In the current
work, we focus on building an estimator which detects the mode
coupling between E and B, as well as between Fourier modes
with different wave vectors, as induced by a spatially varying
multiplicative bias field contaminating the cosmic shear signal.

2.2 Spatially varying shear bias and mode coupling

We model a real (not imaginary) spatially varying multiplicative
shear bias m(#) as a dimensionless scalar field that modulates the
true cosmological shear. Equation (1) becomes

J/biased(o) ~ [1 + m(o)]ycosm(o) + C(o) , (6)

where c¢(#) is also a spatially varying c-bias contamination. In
practice,m <« 1and ¢ « 1 for weak systematics. In Fourier space,

2For analysis on large angular scales, a curved-sky methodology could be
adopted (e.g. C. Dvorkin & K. M. Smith 2009).

3 Although this is a good approximation in linear order, there are also
non-linear lensing effects producing small contributions to B-modes (P.
Schneider & M. Kilbinger 2006; S. Saga, D. Yamauchi & K. Ichiki 2015).
It is also important to note that intrinsic alignments can also produce B-
modes (J. A. Blazek et al. 2019).



the product in equation (6) becomes a convolution. Let y°25¢d(¢)
and y°*™(¢) be the Fourier transforms of y°25°4(9) and y*™(9),
respectively, and m(L) (with m*(L) = m(—L) since m is assumed
to be real in real space) and c(£) the Fourier transforms of the
m-bias and the c-bias fields. Then, we have (for a pedagogical
derivation see also A. N. Taylor & T. D. Kitching 2018):

2
AL @)y - D+ a). @)
(m )y
The first term is the cosmic shear at wavevector £, the second
term is the contribution from the coupling between the m-bias
and the cosmological shear field and the third term is the c-
bias. The coupling term encodes how m(#) redistributes power in
the shear field: it mixes Fourier modes separated by wavevector
L. In particular, the m-bias field produces off-diagonal correla-
tions in Fourier space. Decomposing equation (7) into E and B
components using equations (3) and (4), one finds that a non-
zero m-bias field mixes E and B modes. Intuitively, a spatially
varying multiplicative factor introduces spurious ‘curl’ into the
shear pattern, sourcing B-modes from an originally pure E-mode
field.

More concretely, inserting equation (7) into the definitions of
Ebiased and pbiased and assuming here B™ # 0 for generality, we
can derive the first-order effect of m-bias on the observed E and B
fields. The observed E-mode receives a direct contribution from
the cosmological E plus a convolution with m-bias and also a c-
bias term:

Ebiased(e) — Eeosm (e)

ybiased(z) ~ ycosm(e) +

d’L
[ G DB (€ - Dycosl2(pur 90
(27 )
=B (¢ — L)sin[2(¢e-L — )} + Ec(4), ®)
and the observed B-mode is similarly given by
Bbiased(e) — Bcosm(e)
dzL cosm 4
[ G DB E - Dsinl2Ages ~ o)
(27 )

+BS™ (¢ — L) cos[2(ge—r — @e)]} + B:(4). ©)

Here, the cos(2A¢) and sin(2A¢) factors arise from the
spin-2 nature of the shear field. An important consequence of
equations (8) and (9) is that E and B modes become statisti-
cally correlated in the presence of m-bias, even if the c-bias
is zero. In the absence of m-bias and c-bias, one would have
(EPlased(gypbiaseds(g’)y — 0 (since B! would be pure noise or
very small non-linear weak lensing cosmological signals, uncor-
related with EP¢d), With m # 0, the coupling induces a charac-
teristic off-diagonal correlation between E and B. To first order in
m, using equation (7) or directly from equations (8) and (9), one
finds for £ — £ = L that

(Ebiased(e)Bbiased*(z _ L)> —
[P+ i, ) sin20pe — ge-0)|m(L) + E(0B:(E — L) (10)

To linear order, we treat m and c as fixed external fields and
average over the cosmic shear as a statistically isotropic field,
while we neglect additional cross and higher-order terms. Equa-
tion (10) is the key statistical signature of a spatially varying m-
bias: The first term shows that an E-mode at wavevector £ couples
to a B-mode at wavevector £ — L such that their correlation is
proportional to the bias field mode m(L). The second term acts as
amean field c-bias contamination to the m-bias response, if this is

m-bias reconstruction 3

present. At this point, we should note that the spectra in equation
(10) contain only the signal. A fully consistent treatment would
replace these by total spectra that include the shape noise as m-
bias scales the measured shape. We verified that this choice does
not change the results as we discuss in Section 2.3.

The methodology we develop here is directly analogous to the
case of CMB lensing, where lensing by a potential ¢ induces
correlations between E and B polarization modes of the CMB. In
fact, equation (10) is the weak lensing shear counterpart of the
CMB lensing relation given in A. Lewis & A. Challinor (2006) for
EB mode coupling by the lensing potential (see their section 7.2).

2.3 Quadratic estimator for the m-bias field

Now, we construct a quadratic estimator for m in Fourier space,
denoted mi(L), formed from the quadratic combination of ob-
served E and B fields. Following the formalism of A. Lewis & A.
Challinor (2006), we can write the Fourier-space estimator for the
m-bias field as

d*e
@2r )
where W(€,£ — L) is a weighting function to be specified,
and N(L) is an overall normalization factor. Equation (10)

shows, if c-bias is zero, that the quadratic product X,j =
Ebiased(z)Bbiased* (e _ L) has mean

m(L) = N(L) / Ebiasedgypbiasedt (g _ 1YW (L, £ — L), (11)

(Xer) = f(€, € = L)ym(L), (12)
where
fU,€—1) = (7" + 2y ) sin 2(pe — 1) (13)

Therefore, we estimate m(L) by filtering X, 1, against the response
f with inverse-variance weights for W, and use N to recover an
unbiased, minimum-variance estimator. We note again here that,
if there is a mean field EB c-bias contamination in equation (10),
this also enters the m-bias reconstruction in equation (11). The
integration runs over all Fourier modes ¢, pairing an E-mode at £
with a B-mode at £ — L so that the pair corresponds to the m-bias
mode L. Because the estimator is quadratic in the observed shear
field (proportional to E x B), it constitutes a quadratic estimator
for m.

Therole of W (¢, £ — L) is to optimally weight each (E, B) mode
pair in the sum. Intuitively, modes with a higher signal-to-noise,
either due to larger cosmological signal or lower noise, should
receive higher weight. We derive the form of W by demanding
that m1 is the minimum-variance unbiased estimator of m. First,
the unbiasedness condition means that the expectation value of
m should equal the true m. However, until now, we have assumed
that there is a bias term from the ¢ mean field. Thus, using equa-
tion (10), we require

) de .
(R(L)) = m(L) + N (L) / G BB~ W (e L ~1).
(14)

At this point, we should note that the c-bias, as we have already
discussed in Section 1, can be detected and, in principle, corrected
using null tests from the data itself (e.g. E. Uitert & P. Schneider
2016). Assuming that the data we treat here from now on are
c-bias corrected unless otherwise stated, equation (14) becomes
(m(L)) = m(L). Then, we can substitute the definition (11) and
use (EPiased(g)pbiaseds(p _ I}y from equation (10), so that the
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condition becomes
J\/(L)/ an )2 CF” + c{;’*;‘) sin[2(p¢ — @)W, € ~L)=1,  (15)

to linear order in m. Equation (15) fixes the normalization factor
N(L) in terms of the chosen weight function W. In practice,
we choose W (up to an overall normalization) to minimize the
variance of m(L). The variance Var[#i(L)] can be derived by
considering (m(L)m*(L")) and assuming Gaussian statistics for
the cosmic shear field E€™({). In this limit, we can use G. C.
Wick (1950)’s theorem to express the resulting four-point cor-
relators of E°™ into sums of products of two-point functions.
The dominant contributions to the estimator variance come from
terms where the E and B fields in equation (11) contract with
themselves, leading to noise bias. One finds that the variance
is minimized if W is chosen proportional to the signal coupling
kernel from equation (10), divided by the total power in each of
the E and B modes (signal + noise) (c.f. A. Lewis & A. Challinor
2006). In other words, the optimal weight is

sin [2(‘Pl - (PZ—L)] EE BB,
W(Q THC). (16)
¢ le—L]|

W, £—L)=
where CF5 = CFFS + NFF and CPP = CPP® + NP denote the
total E- and B-mode angular power spectra including noise.* Here
NFE and NPP are the noise power spectra of the E and B fields
from intrinsic shape noise in the shear catalogs (note that shape
noise typically contributes equally to E and B modes, on aver-
age). The factor (CEE s CBB L )in the numerator of equation (16)
arises from the fact that elther leg of the estimator pair could carry
the signal coupling. The sin[2(¢, — ¢,_r)] factor encodes the ge-
ometric dependence of the mode coupling (as in equation 10),
ensuring that only the appropriate cross-orientation of E and
B modes contributes to the signal. With this choice, modes are
weighted by the inverse of their variance (the product of their
total power spectra), which is the standard optimal weighting for
a quadratic estimator.

Given the weight function (equation 16), we can now specify
the normalization N (L) using equation (15):

- [ )
= (27_[ )2 CEE tOtCIiB ;jt

sin* [2(pe — ¢e-)] . (17)
At this point, we should mention that in the case of cosmic shear,
and contrary to the CMB lensing case, the m-bias affects the
measured shear which already includes the shape noise. Thus,
it is worth checking the inclusion of the shape noise also in
the numerators of equations (16) and (17), despite using theory
predictions for the spectra. We confirmed that the performance of
the quadratic estimator is not impacted, and decided to retain the
original formalism, with the shape noise only in the denominator.

In practice, one can compute A (L) given a fiducial E-mode
angular power spectrum, assuming a cosmological model and
known noise levels.

In principle, a more general estimator may be derived, using
also the EE and BB correlations of the observed shear field, sim-
ilar to the global minimum variance quadratic estimator used in
CMB lensing reconstruction (A. S. Maniyar et al. 2021). Neverthe-
less, here, we restrict ourselves to the EB pair, which likely dom-
inates the total signal-to-noise ratio (SNR) of the reconstruction,

4We note here that if c-bias is present, it contributes to the variance as

Cz(Y.tot — Cz(Y.s +N£(Y +CfY'C.
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since EB correlations should be zero in the absence of systemat-
ics. Its detection is thus a clearer indication of the m-bias field.

Finally, after computing (L) in Fourier space, one can trans-
form it back to real space, to obtain a two-dimensional map ()
of the m-bias across the survey region. The resulting /i map can
be used to diagnose m-bias in cosmic shear survey data. We note
here that the method cannot constrain a constant m-bias (the L =
0 mode). In the next sections, we test this estimator on simulated
Stage-IV-like shear maps, with injected artificial m-bias patterns,
to validate its performance.

3 SURVEY SIMULATIONS AND m-BIAS
REALIZATIONS

3.1 The testing methodology

We aim to first test the method on simplified realizations of weak
lensing surveys, quantifying the ability of the method to recover
some injected patterns of m-bias variation, noting the point that
the method relies on detection of mode coupling, and hence is
sensitive only to spatially dependent bias.

In weak lensing surveys, the cosmic shear signal is buried
within the ‘shape noise’ caused by the broad distribution of in-
trinsic galaxy ellipticity (see e.g. S.-S. Li et al. 2023). We show
below that, for realistic galaxy number density, it is not possible
to recover percent-level m-biases at arbitrary positions within a
survey. Any m-bias we measure has much larger statistical noise
than the signatures that we aim to detect in Stage IV surveys.

We can overcome this limitation by analogous methods to
those adopted for c-bias detection. First, if we have position-
dependent templates or maps of systematic effects that are possi-
ble sources of bias, we may compare those maps with the m-bias
map and assess the significance of any detection. Such systemat-
ics templates might be maps of PSF error, or perhaps other astro-
nomical effects such as Galactic reddening, that might impact the
shear measurement.

The second method is just to stack the m-bias estimator out-
puts themselves on some length-scale, analogously to the c-bias
stacking methods. This approach is particularly appropriate for
the case where m-bias arises from instrumental effects within
the FOV - for example, some spatially varying PSF error which
is invariant in telescope coordinates, leading to a periodic bias
variation across the survey, dependent on the set of instrument
pointings that make up the survey.

We shall investigate both approaches in the following sections.
In order to reproduce the effect of a replicating pattern, we gener-
ate multiple realizations of patches of survey data, with randomly
distributed galaxy shear values across the entire survey, but with
an m-bias pattern that is invariant between the realizations.

3.2 Galaxy survey sample

EE,s
C(Z

The cosmic shear signal power spectrum is related to the

matter power spectrum via
d L+1/2
G = f 2 WEGOT P (k= Y ,x), (18)
o Xx? X

where x(z) is the comoving distance for flat cosmologies, x; the
comoving distance at the horizon and P,,(k, x) is the matter
power spectrum as a function of wavenumber k and comoving
distance (which we use here as a proxy for redshift, or cosmic
time, in the lightcone). The weak lensing kernel is
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Figure 1. Left: Galaxy redshift distribution p(z) for a Euclid-like photometric sample (see equation 20). Middle: a blob-like m-bias given by equation
(22). Right: a strip-like m-bias model given by equation (23). Both m-bias patterns have an rms of 5 per cent and are 20 x 20 pixel grids.
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with Q,, ¢ the fraction of the matter density of the Universe at
present, H, the Hubble constant, ¢ the speed of light and p(z)
the galaxy sample’s redshift distribution. The expressions above
make use of the Limber approximation (D. N. Limber 1953; N.
Kaiser 1992), appropriate for the broad weak lensing kernel.

To calculate CEF we use the Core Cosmology Library (CCL, N.
E. Chisari et al. 2019b), with the matter power spectrum given
by the HALOFIT parametrization of R. E. Smith et al. (2003)
and R. Takahashi et al. (2012). We consider a Euclid-like (Euclid
Collaboration 2025) redshift distribution describing the photo-
metric/cosmic shear sample with the form

p(z) ozt exp | — <—> } , (20)
2o

withe =2,8 =1.5andz, = 0.637in 0 < z < 3 (R. Laureijs et al.
2011). We assume a total number density of pg. = 30 arcmin 2
(see left panel of Fig. 1 for p(z) normalized to unit integral). Most
cosmological analyses will make use of tomography, dividing the
sample into different redshift bins to enhance the resulting cos-
mological constraints. Instead here we simply assume a single
redshift bin containing the whole sample. On the one hand, this
is the simplest approach to showcase the potential of the method
as a proof of concept. On the other, combining the full sample
reduces the level of shape noise in the data, which likely improves
the sensitivity to a redshift-independent (but spatially varying) m-
bias.

The contribution to the total observed power spectrum receives
a contribution from shape noise of the form

WE() = (19)

NFE = NP2 = 02/ pat, (21)

with o, = 0.28 the per-component intrinsic ellipticity dispersion
for a Euclid-like galaxy sample (Euclid Collaboration 2025).
Besides the contribution from gravitational lensing, the corre-
lated galaxy shapes also receive a contribution from the intrinsic
alignments (IAs) of galaxies due to the tidal interactions and
other long-range astrophysical effects taking place during galaxy
formation (B. Joachimi et al. 2015). In the simplest parametriza-
tion, the so-called non-linear alignment model (S. Bridle & L.
King 2007), the IA contribution is a pure E mode, and its pres-
ence therefore does not affect the performance of the quadratic
estimator to reconstruct the m-bias map. Furthermore, omitting
the IA contribution to CE¥ in the quadratic estimator does not

significantly affect our results. We verified this by including this
contribution, choosing an IA amplitude Ajs = 2, both in CEE and
in the simulated maps from the Gaussian realizations (for more
details, see Section 3.4) used in the tests described below, or in-
cluding it only in one of the two. In both cases, the reconstructed
m-bias maps were indistinguishable from the maps reconstructed
in the absence of IAs.

In addition to IAs, weak lensing measurements are also af-
fected by baryonic feedback, which systematically suppresses the
matter power spectrum at small scales (N. E. Chisari et al. 2019a).
For this, we performed the same series of tests using the HMCode
(A. J. Mead et al. 2021), with the baryonic feedback efficiency
parameter log,,(Tagn/K) set to 7.8, which is the fit to the v ACDM
BAHAMAS simulations, and also found that it did not affect the
results. Thus, we decided not to include IA or baryonic effects in
the main analysis in Section 4.

3.3 m-bias patterns

We introduce two ‘toy models’ describing flat-sky spatially vary-
ing m-bias patterns m(@), inspired by the models applied in T.
D. Kitching et al. (2019), which could be induced by residual
effects in the PSF (see their Sec. 3). We define a square patch of
size Ly = Ly (in radians) sampled on an N, x N, pixel grid. Let
6 = (6x, 6,) denote angular coordinates in radians, with grid ar-
rays X,Y covering [—Ly/2, Ly/2] x [-L,/2, L,/2]. We introduce
a ‘blob’-like pattern by parametrizing m(@) as

Myior(0) = Asin (ky|6y]) sin (ko|6y]) , (22)

with A an arbitrary constant, and ky is the angular frequency
characterizing the size of the blobs set to 50. An example can be
seen in the middle panel of Fig. 1. As an alternative example, we
introduce a ‘strip’-like pattern, given by

mstrip(o) = —Asin (7T - ksex)v (23)

where kg characterizes the size of the strips along the x axis set to
100 (see right panel of Fig. 1).

In both cases we fix the amplitude parameter A to ensure a
desired rms variation mp;

Myms = <m§attern> . 9 (24)
pix
where (-)pix denotes the pixel average over the Ny x N, grid. We

consider two rms values, m;s = 0.05 (5 percent) and 0.01 (1
per cent), motivated by the values identified by C. Cragg et al.
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(2023) as being potentially of significance for Stage IV weak lens-
ing surveys.

3.4 Gaussian realizations

The m-bias modulates the cosmic shear signal as well as the
intrinsic shape noise, both of which we also simulate. As a first
simple model, we generate Gaussian realizations of both compo-
nents.

We generate flat-sky signal realizations following the E-mode
power spectrum in equation (18), using the NaMaster package
(D. Alonso et al. 2019), including angular scales in the range
[€min, €max], With €yin = 277 /Lsige and £iax = \/Z’TNside/Lside- The
input power spectrum was generated for a fiducial ACDM cos-
mology with parameters

(2, . h, 03, 1) = (0.2432, 0.0473, 0.6898, 0.8364, 0.969), (25)

where €. is the present cold dark matter density fraction, 2, is
the present baryon density fraction, h = Hy/100 kms~! Mpc~! is
the dimensionless Hubble constant, oy is the rms of the linear
matter density fluctuations in spheres of 8h~'Mpc, and n; is the
scalar spectral index.

We assign shape noise in each pixel as follows. For simplicity
we assume the same number of galaxies in each pixel, given by
N, = PgailxL,. We then generate values for the shape noise in
each pixel and shear component as uncorrelated Gaussian num-
bers with zero mean and a standard deviation o}, = o,/ \/I\Tp.

Finally, the observed shear field is generated by adding the
signal and noise components, and multiplying them by the m-
bias patterns described in the previous section. These are then
used in equation (11) to reconstruct the input bias pattern.

3.5 N-body simulations

Apart from using Gaussian realizations, we also test our quadratic
estimator with N-body simulations from the cosmo-SLICS suite
(J. Harnois-Déraps, B. Giblin & B. Joachimi 2019). The output
of these N-body runs is convergence « and shear y;, y, maps
derived with 26 wCDM cosmology models and two random seeds
each. In addition, for each model, there is a light cone spanning
from Zpmin = 0 t0 Zmax = 3 With fixed redshift snapshots, spanning
from 15 to 28 depending on the cosmology model. There are
50 light cones per cosmology model, in total. We choose their
fiducial ACDM cosmology model maps (see Section 3.4 for the
exact values). The shear maps yy, y, are grids of 7745 x 7745
pixels spanning an area of 100 deg” (10 deg per grid side). Based
on these, we construct a ray-tracing of each light cone given
the Euclid-like p(z) redshift distribution (see equation 20) by es-
timating the weighted sum of the shear maps Y, w;y}, >, wiy,
where w; = p(z;)Az;, with i the redshift snapshot and Az; their
half intervals. Then, we assign the shape noise and the m-bias
pattern in the pixel grids that enter the quadratic estimator,
as we similarly described for the Gaussian realizations in Sec-
tion 3.4. Although the N-body simulations have a limit to their
available volume, the Gaussian realizations contain only two-
point information, so they cannot capture the non-linear, non-
Gaussian structure of the shear field that arises from late-time
structure formation. The cosmo-SLICS N-body light cones de-
liver the non-Gaussian lensing maps with realistic small-scale
power and super-sample coupling. Therefore, these simulations
are more accurate descriptions of the observed cosmic shear field.
In addition, non-linearity can lead to coupling between ¢ modes,
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Figure 2. The angular power spectra from an N-body (green) and a
Gaussian (red) simulation at an area of 1 deg2 with their 1o uncertainties
and the input theory prediction (dashed black). The high-¢ suppression
visible in the figure is due to finite-resolution effects.

which would act as an additional source of noise for the recon-
structed m-bias.

Despite the lack of non-linear structures in the Gaussian re-
alizations compared to the N-body simulations at small scales
below 1 deg?, the difference between their angular power spectra
is expected to be small (see fig. 4 of J. Harnois-Déraps et al. 2019).
In Fig. 2, we make a quick sanity check by comparing one N-
body simulation with one Gaussian realization. We compute the
flat-sky angular power spectra along with their 1o uncertainty
bounds using the pymaster package for one random pair of
y; and y, pixel maps (31 x 31 downsampled pixels) from one
N-body simulation and a Gaussian realization (green and red
lines). We downsample (more details on the downsampling are
described in Sections 4.3 and 4.4) the Gaussian realization here
the same way we do for the N-body simulations, in order to have
the same resolution and pixel window size effects. We also plot
the theory prediction from HALOFIT. Indeed, we found that the
two spectra are in agreement within their 1o uncertainties. How-
ever, we see that the simulated spectra start to deviate from the
theory prediction at £ = 2000, due to resolution and pixel window
effects (see J. Harnois-Déraps et al. 2019). We have validated that,
assuming a theory power spectrum in the estimator of equation
(11), described by a simple HALOFIT at up to £m.,x < 1000, in
order to avoid such deviations, we are able to reconstruct ac-
curately the non-Gaussian m-bias patterns without any loss of
information.

4 RESULTS

4.1 Evaluation of results

As discussed in Section 3.1, an average over a number of realiza-
tions of the integral of equation (11), equivalent to averaging over
multiple sky patches in a weak lensing survey, is needed in order
to suppress the shape noise.

Although, in reality, the m-bias pattern and its rms amplitude
are generally unknown, in cases where there are available tem-
plates describing certain types of systematic effects such as the
PSF model, these could be compared to the data in a x? analysis.
In this exercise, we have created m-bias toy models that we as-
sume as templates (see again equations 22 and 23). Therefore, we



can quantify the confidence with which the quadratic estimator
in equation (11) is able to reconstruct the input m-bias pattern
in terms of its spatial variation and rms, by defining an SNR.
This way, we can come up with an estimate of the number of
realizations or sky-patch stacks one would need in order to detect
an m-bias pattern of a certain rms. An estimate of the SNR even
in the absence of a template is also possible by simply measuring
the detection significance of the signal itself compared to noise.

4.2 Signal-to-noise estimates

To assess the performance of the quadratic estimator, we must
quantify the significance of the reconstructed m-bias map. Let
m;(#) be the reconstructed multiplicative bias map in the i-th
simulated realization, where each realization corresponds to a
sky patch of a large-area survey. We estimate the local variance
of a given realization as

N
) = 5 7O - mOF | (26)

where N is the total number of realizations, and my is the mean
reconstructed map

N
NOEES 30! @7)
i=1

Additionally, since all realizations are independent, the standard
deviation of iy is 0,,(8) = s(8)/+/N.

We use three different SNR metrics to quantify the significance
of the reconstructed m-bias map:

(i) Template fitting SNR: Let us assume a linear model for
the reconstructed m-bias map of the form d = ot + n, where d
is a vector containing the reconstructed map in each pixel, and
t is a known template map (e.g. the focal-plane map of a given
systematic known to be a potential source of multiplicative bias),
with o an unknown constant, and n is the reconstruction noise
component. The significance of the detection in this case may be
estimated as

SNRtemp = d/auv (28)

where @ and o, are the best-fitting value of « and its statistical
uncertainty, given by

_ t'cd 1 (29)
o= ——F—, o, — —.
tTC1t T ATC Tt

Here C is the per-pixel covariance matrix, which we approximate
asC = diag(o2). We acknowledge that this approximation is opti-
mistic, since it underestimates the SNR, as we discuss in Section
4.3. Despite that, the scaling with patch number or the relative
conclusions of the paper do not change.

(ii) Data-driven SNR: One can also derive an SNR estimate
from the data itself. The null x2 is defined as

X2 =d'cld, (30)

and by considering the degrees of freedom, which in our case is
the number of pixels Ny, we can derive a o-detection definition
which is

SNRgata = Y. Xr%ull — Npix- (31

In case of no m-bias in the data, x2,;; — Npix, S0 that SNRgs — 0

m-bias reconstruction 7
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Figure 3. The ’template’, 'data’, and ’peak’ SNR definitions as a function
of the number of patches. We consider patches of 10 x 10deg® and a 5
per cent rms blob-like m-bias.

(iii) Peak SNR: Finally, for an alternative SNR definition, one
can define a ‘peak mask’ S, selecting the brightest parts of the
injected pattern, specifically those pixels where the absolute value
of the true m-bias map is above half of its maximum value

S= {0: |m(0)| > %rr;gx\m(é”ﬂ}. (32)

We then average the signal amplitude of the true map and the
noise from the realizations over this mask and form a local SNR
dubbed as ‘peak’:

(Im(@)])ges
(07(0))ges
This SNR definition gives a sense of the significance with which

the largest deviations in the m-bias pattern may be identified in a
single pixel.

SNRpeak = (3 3)

We established the number of sky patches required to reach

a target SNR} 1, by increasing the number of patches until
Teq
SNRger > SNR'.

4.3 m-bias reconstruction on large scales

We aim to test the m-bias quadratic estimator at large scales.
We start by constructing Gaussian realizations of 10 x 10 deg?
patches. We choose a Ny x N, = 20 x 20 pixel grid for our maps
and the number of galaxies in each patch is ~ 107. In principle,
one could choose a finer pixel grid, but the reason not to opt for
this is two-fold. First, the spatially varying m-bias toy models we
explore here are characterized by large enough scale variations
corresponding to 5 deg (blob-like) and 2 deg (strip-like) in a 100
deg? area, which are captured with such a pixel grid size (anal-
ogously, the same is true for the 1deg? patches we investigate in
Section 4.4). Secondly, it is a considerable speed-up for the code
as well, since the computational cost scales with the FFT done
on the number of pixels in the grid, allowing us to explore large
numbers of realizations.

Within this setup, and using a blob-like m-bias template with
5 per cent rms fluctuations, Fig. 3 shows the number of stacked
realizations needed to achieve a given SNR values with the ‘tem-
plate’, ‘data’, and ‘peak’ definitions. The ‘peak’ definition is natu-
rally stricter, since it quantifies the SNR in a single bright pixel.
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Figure 4. Top left: one input y; component of the cosmic shear from Gaussian realizations. Top middle: reconstruction of the 5 per cent rms blob-like
m-bias field at SNRtemp = 10 with 600 realizations. Top right: reconstruction of the same m-bias field at SNR¢emp = 20 with 2800 realizations. The grid area
is 100 deg? with 20 x 20 pixels. Similarly, the bottom panels show the 5 per cent rms strip-like m-bias model reconstructed with 2000 (bottom middle)

and 6700 realizations (bottom right).

It reaches a value of SNRe.x = 4 for 2800 realizations, at which
point the template and data-based definitions reach SNRemp ~
20 and SNRgy, ~ 24. Fig. 4 shows one of the Gaussian real-
izations used for this exercise, as well as the reconstructed m-
bias map after stacking enough realizations to achieve a total
SNRemp = 10 (corresponding to SNRpeax = 2), where the bias
pattern starts becoming visually evident. We can also appreciate
that the reconstruction looks less noisy when we reach SNRermp =
20. At this point we verify that @ and its uncertainty o, in equation
(29) is 1.003 £ 0.056 at SNRemp = 20, indicating no bias in the
estimator. Additionally, as already hinted in Section 4.2, neglect-
ing off-diagonal terms in the pixel-by-pixel covariance matrix,
makes SNR optimistic. We quantified this by estimating the tem-
plate amplitude @ (see again equation 29) on a realization-by-
realization basis and computing its scatter directly from simula-
tions. The Monte Carlo estimate of o, fully includes all the pixel-
by-pixel correlations in the reconstructed maps. For a 5 per cent
blob-like m-bias pattern at SNRemp ~20, we find that the diag-
onal covariance approximation understimates o, by a factor of
~ 1.7 (factor scaling unchanged with amplitude and pattern of
m-bias), corresponding to a Monte Carlo calibrated SNRemp ~12.
Likewise, the diagonal covariance approximation understimates
SNRyata by a factor of 1.2. Given the numerical instability of in-
verting the full covariance for our setup, we retain the diagonal
approximation in this work and treat SNR as optimistic detection
metrics, while basing our conclusions on the relative scaling with
patch number and m-bias amplitude, which are unaffected by this
choice. For a statistical detection of the m-bias through template
fitting, corresponding to SNRmp = 5 (i.€. a ‘50” detection), we
require 50 realizations, corresponding to a total sky area of 5000
deg? (even though the m-bias pattern is not visually evident at
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that point). The quadratic estimator approach proposed here may
therefore be used to identify a spatially varying multiplicative bias
as long as an informed template for its spatial pattern can be
constructed. This may be constructed, for example, as sky maps
of scalar survey conditions known to be highly correlated with
shape measurement errors (e.g. co-added PSF size, or Galactic
reddening, which may impact shear measurement through its
systematic effect on galaxy observed spectral energy distribu-
tions). This procedure is reminiscent of the techniques used to
identify additive systematics in cosmic shear and galaxy cluster-
ing (F. Berlfein et al. 2024), but now applicable to multiplicative
bias effects.

The bottom panels in Fig. 4 show the same results for a strip-
like m-bias, where the same conclusions drawn for the blob-
like case hold qualitatively (6700 realizations are now needed).
In what follows, we report the number of realizations/patches
needed to achieve an SNRimp = 20 unless otherwise stated,
where the m-bias pattern can be visually identified (correspond-
ing to SNRpeak ~ 5 and SNRyaa ~ 24 or much higher, depending
on the case).

For independent realizations the reconstruction noise is the
same and scales with the number of realizations N as «
1/+/N.Therefore, a desired SNR is reached at oc rms+/N and go-
ing from 5 per cent to 1 per cent rms values requires ~ 25 times
the number of realizations to achieve the same SNR. Indeed,
we recover the input 1 per cent rms m-bias at SNRemp = 20, but
now with an increased number of realizations by that factor,
corresponding to 80750 and 160875 for the blob and the strip
patterns, respectively. We acknowledge that these numbers of
realizations or equivalently multiple sky patches needed imply
large sky areas which are not available in a real data analysis.
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Figure 5. Top left: one input y; component of the cosmic shear from N-body realizations. Top right: reconstruction of the 20 per cent rms m-bias field at
SNRtemp = 81 with 50 simulations. The grid area is 100 deg?, with 100 x 100 pixels. Bottom panels are for a 20 per cent rms strip-like m-bias, reconstructed

with SNRemp = 81, using also 50 simulations.

We only choose these numbers here as a reference in order to
obtain the good visual reconstruction at SNR¢emp = 20. In fact,
we could still detect the m-bias of both patterns at SNRemp = 3
with roughly 100 realizations, numbers certainly available in the
upcoming data since they correspond to a total sky area of 10 000
deg?. The results for SNRemp = 20 visually look very similar to
the recovered patterns of Fig. 4, and therefore we do not show
them. It is worth noting here that the increased number of real-
izations needed is expected, given that we need to suppress the
shear noise further in order to detect an m-bias with lower rms
values.

We now turn our attention to the shear maps from the N-
body simulations. As discussed in Section 3.5, the N-body simu-
lations include realistic non-Gaussianities that can affect the per-
formance of the quadratic estimator, by introducing additional
noise or biases in the m-bias reconstruction. The output maps
are pixel grids of size 7745 x 7745. We assign the shape noise and
then downsample these maps with a Gaussian filtering, with a
width corresponding to the new pixel Nyquist frequency and also
with a cubic interpolation scheme, into grids of size 100 x 100.
Afterwards, we multiply with the m-bias toy models as we did
for the Gaussian realizations. The total number of realizations
we consider here is 50 (25 light cones generated with two ran-
dom seeds). Given that small number of simulations, we examine
an exaggerated m-bias scenario in order to have a good visual
emergence of the m-bias field. Thus, by setting the rms to 20
per cent just for this case, we evaluate the performance of the

quadratic estimator using all the 50 N-body simulation shear
maps covering 100 deg” patches. In Fig. 5, we see that with all
the simulations available we manage to capture very well visually
the spatial-variation of the input m-bias patterns at SNRemp ~ 81
for both the blob and strip models as seen in the top and the
bottom panels of Fig. 5, respectively (SNRemp ~ 20 is reached
with only 5). At this point, we cannot safely conclude yet that
our quadratic estimator is not affected by the non-linearities in
the N-body simulations since we use an exaggerated 20 per cent
rms m-bias, but this is a first test verifying that the quadratic esti-
mator works using the N-body simulations. We will see in detail
in Section 4.4 that indeed our estimator is also not impacted by
these non-Gaussianities at small scales using realistic rms m-bias
values.

4.4 m-bias reconstruction on small scales

There are good reasons to test the quadratic estimator at a
smaller area of the order of ~ 1 x 1 deg*: forthcoming weak lens-
ing galaxy surveys, such as Euclid (Euclid Collaboration 2025)
and LSST (LSST Dark Energy Science Collaboration 2012), have
~degree-sized fields of view (diameter Dgoy ~ 0.7° and ~ 3.5°,
respectively). Many shape measurement systematic effects such
as PSF modelling errors will be approximately constant in tele-
scope coordinates, and therefore will leave a repeated (or at
least highly correlated) imprint across different exposures on
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Figure 6. Top left: one y; component patch of the cosmic shear from N-body realizations. Top right: reconstruction of the m-bias field with 5 per cent
amplitude at SNRemp = 20 with 400 patches. Bottom panels same as top but for a strip-like m-bias model with 1000 patches. The reconstructed grid area

is 0.68 x 0.68 deg® with 21 x 21 pixels.

scales smaller than Droy. The presence of these systematics could
thus be detected by stacking maps centred at those exposures
in telescope coordinates using the quadratic estimator described
here. The total sky area covered by these surveys, of order ~
1.5 x 10* deg?, would allow for ~ 1.5 x 10* degree-sized patches.
Here we will show that these would be more than enough to
detect a 5 percent rms spatially varying m-bias patterns at a
high significance (e.g. SNRemp = 20) with a realistic small-scale
cosmic shear signal from N-body simulations. Moreover, with a
Euclid-like redshift distribution, it would be possible to detect 1
per cent rms m-bias at the same significance with a few thousand
patches.

For this test we consider the cosmic shear realizations from
the N-body simulations, and assume the same Euclid-like galaxy
density number used above (see Section 3.2). The corresponding
number of galaxies residing in a typical 1deg® patch is roughly
~ 10° sources. In each of the 50 simulations, we split the 7745 x
7745 pixel grid spanning an area of 100 deg? into 100 sub-grids
of size 774 x 774, cropping 5 pixels at the outer edges to form
a 10 x 10 tiling, each spanning an area now of ~ 1deg”. Simi-
larly to the procedure in Section 4.3, we include Gaussian shape
noise and downsample these grid maps with a Gaussian filter
and a cubic interpolation scheme into 31 x 31 pixel grids. We im-
print the multiplicative bias pattern in the central 21 x 21 pixels
of each patch, leaving a buffer with a width of 5 pixels where
m(@) = 0. We do this to avoid edge effects caused by the implicit
assumption of periodic boundary conditions in the FFTs. This
assumption was valid in the previous sections, where we analysed
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the full simulation boxes, but it breaks down when we work
with smaller shear patches: the shear field is discontinuous at
the patch boundaries, so large-scale modes are poorly represented
and generate artefacts. We therefore introduce a buffer region
around each patch before convolving with the usual m-bias pat-
tern and applying the quadratic estimator in equation (11). We
have verified that, without this buffer, spurious features appear
in the reconstructed m-bias field near the patch edges, whereas
they disappear when the buffer is included.

In Fig. 6, we present the 5 per cent rms for blob-like and strip-
like m-bias patterns reconstructed at SNRmp = 20 by averaging
over 400 and 1000 patches. Since the appropriate templates at
sub-FOV scales may be difficult to construct, we also report the
data-driven SNRg,, values which are 30 and 39 using the 400
and 1000 patches, respectively. For an 1 per cent rms m-bias the
SNRtemp = 20 is achieved now with 2800 and 7600 patches for
a blob-like and strip-like m-bias, respectively, corresponding to
SNRyata 0f 54 and 86. These constitute the largest detection sig-
nificance reported here, and show that spatially varying m-biases
on sub-FOV scales with ~ 1 per cent amplitudes can be detected
at high significance using the quadratic estimator approach.

4.5 Cosmology independence

The quadratic estimator presented here requires an estimate of
the cosmic shear power spectrum CF% (see equation 16). Since
this is a priori unknown, it is interesting to quantify whether
using an incorrect CE£ would lead to a significant error in the



reconstructed m-bias map. To do this, we repeat our analysis of
the N-body simulation maps, which use the fiducial cosmology
ACDM, but assuming a significantly different wCDM cosmolog-
ical model to calculate the input CFE, with parameters

(W, Q¢, 2, h, o3, ns) = (34)
(—1.9127, 0.5009, 0.0473, 0.7645, 0.4716, 0.969).

This cosmological model was shown in J. Harnois-Déraps et al.
(2019), to exhibit strong differences in the shape of CFE, due to
the strong changes in the growth history and distance-redshift
relation caused by a high 2. and an extreme phantom-like value
of w. We use 1deg” patches, as in Section 4.4.

Despite the inconsistent cosmology models between the sim-
ulations in the shear maps and the theory spectra, we manage
to recover the m-bias field successfully. The reconstruction for a
1 per cent rms blob-like and strip-like m-bias with N-body sim-
ulations with SNRemp = 20 is achieved with ~2800 and ~7800
patches, respectively. The reconstructions for the 5 per cent m-
bias patterns are similar to the findings in Section 4.4 as well. This
means that the quadratic estimator formalism in equation (11) we
employ here can be largely insensitive to the cosmology model
we assume in the theory angular power spectrum entering the
quadratic estimator. This is not entirely surprising: the estimator
recovers the m-bias map by correlating EB Fourier modes with
different wavenumbers. Using an incorrect CFE only leads to a
sub-optimal weighting of the different mode pairs, which may
affect the noise in the reconstructed m-bias map, but not the
ability of the method to recover it.

4.6 Additive bias contamination

We also test whether the presence of an additive c-bias affects our
ability to reconstruct the m-bias. The c-bias is expected to be one
order of magnitude smaller than the m-bias in Stage IV galaxy
surveys (T. D. Kitching et al. 2019). Following equation (1), we
consider the case of an rms strip-like c-bias pattern amplitude of
0.1 percent and a 1 per cent rms blob-like m-bias pattern (simi-
lar results are found when swapping the strip-like and blob-like
patterns). We find that the presence of a c-bias contaminant has
no discernible impact in the reconstructed m-bias map, and does
not change any of our conclusions regarding its detectability.

We further confirm that our quadratic estimator definition in
equation (11) is only sensitive to the m-bias, and not to the c-bias,
by setting the m-bias pattern to zero and keeping only the c-bias
patterns. For this, we test c-bias maps with an rms amplitude of
0.1 per cent, as well as two unrealistic cases with much larger
amplitudes of 1 per cent and 5 per cent. In all cases, we fail to re-
construct the input c-bias patterns, and the reconstructed m-bias
is compatible with zero. This finding confirms that the quadratic
estimator is insensitive to contaminating c-bias.

5 CONCLUSIONS

We have presented and validated a quadratic estimator that di-
rectly reconstructs spatially varying m-shear bias, by exploiting
the EB off-diagonal mode couplings that such a field induces
in cosmic shear maps. Building on this, our estimator combines
quadratic combinations of E and B with optimal normalized
weights to reconstruct a map of m-bias variations to first order, in
close analogy with standard CMB lensing reconstruction meth-
ods (A. Lewis & A. Challinor 2006). This statistic is by construc-

m-bias reconstruction 11

tion insensitive to a constant m-bias, and it does not respond to
c-bias.

To quantify the method’s ability to detect a given m-bias pat-
tern, we used three SNR definitions: ‘template’, ‘data’, and ‘peak’
(where the pattern appears visually), with the ‘template’ defi-
nition being the most relevant when an external template for
the spatial pattern is available. We have explored two different
scenarios in which such an estimator could be deployed.

First, multiple systematic effects are naturally described in
telescope coordinates (e.g. PSF variations across the focal plane),
and will imprint a repeating pattern across different exposures
on scales smaller than the instrument’s FOV. A spatially vary-
ing m-bias may then be reconstructed by applying our quadratic
estimator to FOV-sized patches and then stacking the result over
multiple telescope pointings. In this case, we have shown that
assuming a Euclid-like survey and using non-Gaussian N-body
shear field maps from the cosmo-SLICS suite, we would be able
to detect a blob-like (strip-like) m-bias pattern with a 5 per cent
amplitude with an SNRenp, = 20 after stacking over only 400
(1000) patches. In turn, 1 per cent variations could be detected
at the same significance with 2800 (7600) patches, still within
the ‘few-thousand-patch’ regime, feasible for a wide-area Stage
IV experiment. Similar conclusions hold if using the ‘data’ SNR
definition instead.

Secondly, we explored the possibility of reconstructing vari-
ations on larger scales, as could be caused by varying observ-
ing conditions throughout the experiment’s observing campaign.
In such a scenario, a template search for spatially varying m-
bias may still be feasible, by building template maps of the
most likely sources of shape measurement systematics from per-
exposure metadata. On 10 x 10 deg” patches, Gaussian shear re-
alizations show that a 5 percent rms m-bias pattern is recov-
ered at SNRemp = 20 with 2800 and 6700 co-added sky patches,
for ‘blob-like’ and ‘strip-like’ patterns, respectively. Although vi-
sual morphology requires a high SNR, template-amplitude fitting
achieves 50 detections with as few as ~ 50 patches. For 1 per cent
rms, reaching the same SNRmp = 20 significance demands of
the order of 100000 patches, for both patterns, consistent with
the need to suppress noise much further at the percent level but
unfeasible given the galaxy survey areas. Despite that, a 3o detec-
tion is still feasible with ~100 patches. Using again the N-body
simulations in the same 100 deg® geometry, we were able to test
the estimator for a large input bias of 20 per cent and found that
this could be detected at high SNRemp 2~ 81. We were not able to
test the method on larger areas, owing to the limited simulation
volume available, but a naive scaling by the square root of the
observed area predicts that SNRemp > 5 could be achieved for 1
per cent bias with a sky area of order 8000 deg?, broadly consistent
with the results from the Gaussian simulations.

A set of robustness tests supports the method’s applicability to
real analyses. First, changing the theory spectrum used in the esti-
mator weights from the fiducial ACDM to a deliberately extreme
wCDM model leaves the reconstruction performance essentially
unchanged, indicating that the estimator’s response is largely
insensitive to moderate cosmology mis-specification in the fil-
tering. Secondly, injecting c-bias at realistic levels does not bias
the m-bias reconstruction nor increase the number of stacks re-
quired, and, in the absence of m, the quadratic estimator does not
yield any false detection arising from contaminating additive bias.
Thirdly, including intrinsic alignments or baryonic feedback ei-
ther in the Gaussian realization maps, the theory spectra, or both
produced indistinguishable results from the IA-free and baryon
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feedback-free case at the scales and noise levels investigated. Fi-
nally, the flat-sky implementation used here is adequate for the
patch sizes analysed, while a curved-sky generalization with spin
harmonics and Wigner—3j couplings should be straightforward
in a future development.

The results in this paper demonstrate that spatially varying m-
bias at the few-percent to percent level is detectable at high signif-
icance with realistic survey characteristics, provided one stacks a
sufficient number of FOV-scale patches or, when available, lever-
ages physically motivated templates (e.g. PSF size/error proxies,
detector coordinates). For the Euclid/LSST surveys, the available
number of independent FOVs comfortably supports the stack
sizes implied by our 1deg? forecasts. There is also another nat-
ural extension apart from the curved-sky formalism. The method
can include masks, and also allow for a forward-modelling of
the reconstructed m-bias maps at the power spectrum level, via
a weight map coupling, in order to correct the data from the
spatially varying m-bias pattern.

In summary, the estimator introduced here provides a practical
and robust route to detecting spatially varying m shear bias at
the angular scales and amplitudes most relevant for Stage IV
weak lensing cosmology. Its demonstrated performance on both
Gaussian and fully non-Gaussian shear fields from N-body simu-
lations, its weak dependence on cosmology assumptions, and its
limited susceptibility to c-bias contamination, make it immedi-
ately useful for Euclid- and LSST-era systematics control, both as
a survey-scale diagnostic and as a quantitative ingredient in end-
to-end mitigation pipelines.
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