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ABSTRACT: We analyse the large-scale angular clustering of quasars in the Gaia-un WISE
quasar catalog, Quaia, and their cross-correlation with maps of the lensing convergence of the
Cosmic Microwave Background (CMB), to constrain the level of primordial non-Gaussianity
(PNG). Specifically, we target the scale-dependent bias that would be induced by PNG on
biased tracers of the matter inhomogeneities on large scales. The Quaia sample is particularly
well suited for this analysis, given the large effective volume covered, and our ability to
map out the main potential sources of systematic contamination and mitigate their impact.
Using the universality relation to characterise the response of the quasar overdensity to PNG
(pp = 1), we report constraints on the local-type PNG parameter fxr, of fni, = —20.5:%3:(1)
(68% C.L.) by combining the quasar auto-correlation and its cross-correlation with CMB
lensing in two tomographic redshift bins (or fn1, = —28.7'3% if assuming a lower response
for quasars, ps = 1.6). The error on fyr, can be further improved if the cross-correlation
between the tomographic redshift bins is included. Using the CMB lensing cross-correlations
alone, we find fyy, = —13.8735% and fy, = —15.67333 for py = 1 and py = 1.6 respectively.
These are the tightest constraints on fyi, to date from angular clustering statistics and
cross-correlations with CMB lensing.

KEYWORDS: cosmological parameters from CMBR, cosmological parameters from LSS,
non-gaussianity, gravitational lensing

ARX1v EPRINT: 2504.20992

© 2026 The Author(s). Published by IOP Publishing

BY Ltd on behalf of Sissa Medialab. Original content from
this work may be used under the terms of the Creative Commons htt ‘//d : /10 1088/1475—7516/2026/02/056
Attribution 4.0 licence. Any further distribution of this work must ps: 01.0rg :

maintain attribution to the author(s) and the title of the work,
journal citation and DOI.


https://orcid.org/0000-0002-3255-4695
https://orcid.org/0000-0002-4598-9719
https://orcid.org/0000-0001-8764-7103
https://orcid.org/0000-0001-8445-6467
mailto:giulio.fabbian@universite-paris-saclay.fr
mailto:David.Alonso@physics.ox.ac.uk
mailto:kstoreyf@stanford.edu
mailto:thomas.cornish@physics.ox.ac.uk
https://doi.org/10.48550/arXiv.2504.20992
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1088/1475-7516/2026/02/056

Contents

1 Introduction 1
2 Data 3
2.1 Quaia 3
2.2 Planck 5
3 Methods 5
3.1 Power spectrum measurements )
3.2 Covariances 12
3.3 Low-/ scale cuts 13
3.4 Primordial non-Gaussianity and projected fields 14
3.5 Likelihood 19
4 Results 21
4.1 Power spectrum measurements 21
4.2 Constraints on fni, 23
5 Discussion and conclusions 29
A QML results and consistency with PCL pipeline 31

1 Introduction

One of the most general predictions of inflation, our most successful theory describing
the early stages of our Universe, is that the primordial metric fluctuations should be very
close to Gaussian-distributed [1, 2]. This prediction is borne out by the statistics of the
CMB temperature and polarization fluctuations, for which no significant departures from
Gaussianity have been detected [3, 4]. In detail, however, different inflationary models predict
such departures at different levels, and improving current constraints on the level of primordial
non-Gaussianity (PNG) is vital to advance our understanding of the early Universe.

Of particular relevance is the case of “local” PNG. In this case, the level of non-Gaussianity
in the primordial gravitational potential ®(x) is parametrised as

(x) = d(x) + fr, (¢5(x) — (63)) . (1.1)

where ¢¢(x) is a Gaussian random field, (- - - ) denotes an ensemble average, and fnr, quantifies
the amplitude of the non-Gaussian contributions, caused by the non-linear gz% term. While
single-field models predict a negligibly small amplitude for local PNG [5], multi-field scenarios
generally can produce PNG amplitudes of order fxp, ~ 1 [6]. A constraint on fyi, at this level
would therefore represent a powerful probe for a wider class of inflationary models including,
e.g., curvaton, modulated reheating, models with an inhomogenous end to inflation, hybrid



inflation or N-flation (see e.g. [7] and references therein). Although current constraints on fyr,
are driven by the study of the CMB three-point function (with an uncertainty o(fxr.) =5 [4]),
significant further progress in this direction is difficult due to cosmic variance. Instead,
three-dimensional tracers of the large-scale structure, such as galaxies, offer a promising
alternative to reach the desired o(fnr,) < 1 threshold. The response of the small-scale power
to long-wavelength fluctuations caused by the initial non-linearity in ® modifies the relation
between the gravitational potential (and its derivatives) and the overdensity of any biased
LSS tracer. In particular, local PNG produces an additional, scale-dependent, contribution
to the linear bias relation, which is most relevant on large scales [8, 9]. PNG thus manifests
itself in the clustering statistics of biased tracers already at the level of two-point functions,
with additional information encoded in higher-order correlators. This makes PNG one of
the most relevant science cases for LSS studies.

The main challenges for local PNG searches with LSS are related to the ~ 1/k? behaviour
of the scale-dependent bias contribution (where k is the Fourier-space wavenumber) [8].
Firstly, since the fnr, signature peaks on large scales, maximising the effective volume covered
by the LSS sample under study is of critical importance. This makes high-redshift quasars
strong candidates to constrain fyp, [10-12], although other tracers have been used and
proposed, including the Cosmic Infrared Background [13], radio continuum surveys [14],
and Luminous Red Galaxies (LRGs) [15, 16]. Secondly, the depth and completeness of any
galaxy sample is never perfectly homogeneous, and multiple systematic effects may lead to
spurious fluctuations in the observed distribution of galaxies. Since many of these sources of
contamination are associated with Galactic foregrounds or variations in observing conditions,
their impact is often dominant on large angular scales and can lead to a significant bias on the
inferred value of fyi,. Typical examples of systematics manifesting as a spurious modulation
of power at the large scales, and that can mimic effects of primordial non-Gaussianities, are
dust extinction, given the large apparent angular size of the Milky Way, or the expected
variation of calibration or observing conditions between subsequent exposures of a telescopes
carrying out a survey on large sky fractions [17]. Therefore, a robust measurement of fyr,
requires a tight control over the potential sources of systematic contamination in the data,
or the use of data combinations that are resilient against them.

In this paper we present constraints on fyi, obtained by combining the clustering of
quasars in the Gaia-un WISE quasar sample, Quaia [18], with the gravitational lensing of
the CMB as reconstructed from the Planck temperature and polarization fluctuations [19].
Specifically, we will employ a tomographic approach, measuring and analysing the angular
power spectrum of the Quaia sources in bins of redshift, as well as their large-scale cross-
correlation with CMB lensing. Although this approach discards information from large-scale
radial modes in the quasar distribution, it allows for a completely self-consistent analysis while
avoiding potential systematics in the spectro-photometric redshifts of the sample. Crucially,
the data combination used here addresses the challenges described in the previous paragraph:
the Quaia sample covers one of the largest effective volumes mapped by current LSS datasets.
Since it is mostly based on data from space-borne experiments, the selection function of the
sample and its associated spatial inhomogeneity can be accurately characterised, and the
impact of residual contamination may be further mitigated through the use of the CMB lensing
cross-correlations. It is also similar to other recent fr, analyses that exploited the projected



clustering of photometric sources (quasars and LRGs) and CMB lensing cross-correlations,
allowing us to compare our results with those using other state-of-the-art datasets.

This paper is structured as follows: section 2 presents the datasets used (Quaia and
Planck CMB lensing). Section 3 describes the methods used to estimate clustering statistics
and their uncertainties, and to quantify the presence of sky contamination. It also presents the
model and likelihood used to interpret our data. Our results are then described in section 4,
including the battery of tests carried out to quantify their robustness. We summarise these
results and conclude in section 5.

2 Data

2.1 Quaia

We use data from the Gaia-unWISE quasar sample, Quaia [18]. The catalog covers the
entire sky and contains ~ 1.3 million sources with magnitudes G < 20.5. The catalog was
constructed by cross-matching the quasar candidates in the third Gaia data release [21]
against photometry from the un WISFE reprocessing of the Wide-Field Infrared Survey Explorer
(WISE) [22], improving the level of star contamination and the quality of the estimated
spectro-photometric redshifts.

Crucial to this analysis, the Quaia sample traces one of the largest volumes covered
by existing samples, several times larger than previous datasets, such as the eBOSS quasar
sample [23] (see table 1 in [18] and figure 1). According to the definition of spanning
and effective volume adopted in [18], which covered a specific redshift range for the sake
of comparison with other data sets, contemporary data sets such as DESI have a larger
effective volume than Quaia (by about ~ 30%), thanks to their 2.5 times higher number
density. However, the DESI spanning volume is still ~ 2.5 times smaller than the one of
Quaia, as it covers a reduced redshift range and a smaller sky fraction with effectively a
comparable number of objects. Other samples derived from photometric full-sky surveys
such as WISE (AGNs or unWISE galaxies [24, 25]) span smaller volumes and have lower
redshift accuracy. This allows us to access the very large scales over which the PNG signal
peaks. As highly-biased tracers of the matter density, quasars are also particularly sensitive
to PNG. Furthermore, since Quaia is only based on data from space-borne experiments, the
list of potential contaminants affecting the observed number of quasars is significantly shorter
than that of ground-based surveys. This allows for a tighter control over the survey selection
function, as well as the potential sources of large-scale systematics.

For our fiducial analysis we split the Quaia sample into two redshift bins corresponding
to sources with spectro-photometric redshifts above and below the median redshift of the
sample z, = 1.47. These are the same bins used in the analyses of [26, 27], and we will refer
to them as the “Low-z” and “High-z” redshift bins respectively. Splitting the catalog in
these two redshift bin represents a good compromise to introduce tomographic capabilities
while keeping shot noise in each redshift bin under control. In [28] we found in fact that
splitting the catalog in more than two redshift bins led us to a minor loss in the precision
of derived cosmological constraints. The redshift distributions for both bins were estimated
by stacking the Gaussian probability density functions of each source, which was found to
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Figure 1. Left: effective volume Vg covered by Quaida as a function of Fourier wavenumber k (see [20]
for the definition of Veg(k)).

Low-z, 4, High-z, d,

———
-0.55 0.85
Low-z
High-z
D
Y
0 1 2 3 4
-0.1 0.1 z

Figure 2. Top: maps of the QSO overdensity of Quaia used in this work. Bottom: the reference
Planck PR4 CMB lensing map used in our analysis is shown on the left while the redshift distribution
of the two tomographic redshift bins p(z) is shown on the right. For visualization purpose, both the
QSO and CMB lensing maps have been smoothed with a Gaussian kernel of 1 deg FWHM.

be a good approximation in [26]. The final redshift distribution p(z) for both bins is shown
in figure 2. The survey selection function for each bin, which characterises the fraction
of sources missed by the catalog across the sky, was estimated as described in [18]. The



catalog and survey selection function were then used to construct quasar overdensity maps
as described in [26]. Since we are only interested in the clustering signal on relatively large
scales, these maps were generated using the HEALPix! pixelisation scheme with resolution
parameter Ngjge = 256, corresponding to a pixel size of 06, ~ 0.23°, and they are shown in
figure 2. As part of our robustness tests, we will also consider a single redshift bin containing
all Quaia sources with 0 < z, < 4.5.

To quantify the presence of residual contamination in these maps, we consider template
maps for 10 different potential systematics. These include: i) a dust extinction map con-
structed by [29], ii) two stellar contamination maps built by selecting random sources from
Gaia and un WISE, iii) templates tracking the scanning patterns of Gaia and un WISE, iv)
stellar density maps in the regions around the Large and Small Magellanic Clouds, and v)
three dipole components, corresponding to the spherical harmonic functions with ¢ = 1,
(Y1,0,Y1,4+1). These systematic templates are shown in figure 3. Note that the Quaia selection
function was constructed as a non-linear combination of the systematic templates i)-iv) listed
above. As we describe in section 3.1, these templates (as well as the dipole components)
are linearly deprojected from the galaxy overdensity maps as part of the power spectrum
estimation pipeline, to further remove residual contamination.

2.2 Planck

We use maps of the CMB lensing convergence from the Planck experiment. Specifically, we
use the lensing maps based on data from the Planck “PR4” release,® generated with the
NPIPE pipeline [19] (see figure 2). In our fiducial analysis we use the Generalised Minimum
Variance (GMV) map, constructed from a joint inverse-variance Wiener filtering of the CMB
temperature and polarization maps accounting for inhomogeneous noise. In addition to
this map, we use the so-called “No-TT” map, first introduced in [28], and constructed from
a quadratic estimator that uses both temperature and polarization but downweights 1T
correlations. This map is thus largely immune to the presence of unpolarized extragalactic
foregrounds, such as the Cosmic Infrared Background (CIB) and the thermal Sunyaev-
Zel’dovich effect. Contamination from the CIB is of particular relevance for the high-redshifts
probed by Quaia, although no conclusive evidence of such contamination was found in [28].
These maps were preprocessed as described in [28]: the convergence harmonic coefficients
and the analysis mask are rotated to Equatorial coordinates, and downgraded to our base
resolution (including only multipoles up to fmax = 3Ngige — 1 to avoid aliasing effects).

3 Methods

3.1 Power spectrum measurements

The effects of PNG on 2D projected statistics are most prominent on the largest angular scales.
The estimate of 2-point statistics on those scales is complicated not only by the presence
of observational systematics but also by partial sky coverage and survey geometry effects.

"https://healpix.sourceforge.io.
2The dipole in the Quaia sample is being investigated in a separate work [30].
3https://github.com/carronj/planck_PR4 _lensing.
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Figure 3. Systematic templates used to construct the Quaia selection function, and to quantify the
impact of large-scale contamination. In all cases, we show the local deviation with respect to the mean
as a fraction of the root-mean squared (rms) in each quantity, with mean and rms defined within
the shown footprint. Le. for systematic template S(f1), we show (S(h) — S)/os, with S and og the
mean and rms deviation within the footprint. In addition to these 8 templates, we use two additional
maps of the source density in Gaia and un WISFE in the region around the Magellanic clouds, not
shown here.

As such we investigated the use of two different pipelines that make different assumptions
and simplifications when accounting for instrumental systematics and masking effects on
the measured power spectrum.



3.1.1 Pseudo-C; pipeline

The first pipeline estimates the angular power spectrum with a state-of-the art pipeline based
on a pseudo-Cy (PCL) power spectrum estimation method [31] as implemented in the publicly
available code NaMaster [32]. The PCL estimator is in principle suboptimal, particularly
on large angular scales, for data with steep power spectra or complex sky footprints [33].
However, in [27] we showed that this approximation is in fact quite accurate for Quaia, since
the sample is shot-noise dominated across most scales.

To suppress the presence of contamination from systematics, and to determine the angular
scales over which our measurements may be safely used, we linearly deproject the angular
fluctuations of the 10 templates described in section 2.1 from the QSO overdensity maps using
the approach described in [32, 34]. Such mode-deprojection removes modes in the map that
are proportional to any of the systematic templates deprojected or their linear combination
without distinguishing between overlapping signal modes that behave in a similar way. As
such, the resulting power spectrum is biased due this mode loss. While for typical cases
when the number of systematics templates is low and the resulting mode loss is negligible on
small angular scales, for large scale analyses this bias needs to be accounted for; otherwise,
this mode loss could bias the inferred value of fyr..

While the deprojection bias term can be corrected analytically if the true underlying
power spectrum is known [32, 34], we followed the approach of [27] and estimated the
deprojection bias as an effective multiplicative transfer function from simulated mock data.
This is similar to the procedure used in CMB analyses, when the final maps have been
subjected to non-trivial filtering operations (either in the time, pixel, or Fourier domains) to
mitigate the impact of specific systematics (e.g. correlated noise, scan-synchronous signals,
etc.) [35-37]. This approach has the advantage of being more robust against the assumed
“true” power spectrum used when estimating the deprojection bias analytically, which in
the case of studies involving large, cosmic-variance-dominated scales (as is our case) may
not be known in detail. This method is discussed in detail in [38]. As discussed in [27], we
found that the mode loss is important only on scales ¢ < 6 and is generally smaller for the
cross-correlations with CMB lensing than for the quasar auto-correlations. The effect is,
nevertheless, small, in particular on scales used in our cosmological analysis. In fact, the
mode loss induced by deprojection affects mainly multipoles below ¢ ~ 4 at ~ 40% level,
and at better than 5% level for £ > 6, with the large loss on largest scales induced by the
deprojection of the Y7 ¢ and Y7 1 templates needed to account for the Quaia dipole. In figure 5
we show the transfer functions for all the relevant spectra used in the following.

In section 4 we will quantify the impact of the choices made regarding contaminant
deprojection on our final constraints. While in section 3.1.2 we describe an alternative analysis
pipeline that is immune to transfer function effects and that was used to further validate the
robustness of our analysis. We also verified that deprojecting mean-subtracted quadratic
versions of the systematics templates did not change our conclusions.

To further illustrate the impact of deprojection in this analysis, figure 4 shows the
correlation between the galaxy overdensity field and the systematic templates before and
after deprojection (blue and red points, respectively). We show particular combinations of
redshift bin and systematic templates that best show the effects of deprojection. In each
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Figure 4. Map-level empirical correlation between a selection of contaminant templates and the
galaxy overdensity (d,) in the Quaia data. Results are shown for overdensity maps without any

contaminant deprojection (blue) and after linear deprojection (red).

Deprojection eliminates any

residual linear correlation between the data and these particular contaminant templates. To illustrate
this point, the best-fit linear trend, found by fitting a linear model to the data in each individual
plot, is shown as dashed lines (although note that linear deprojection applies this to the full linear

subspace spanned by all the systematic templates).

dipole component, which is also removed via deprojection.

The lower panels show that we find a strong
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Figure 5. Systematics deprojection transfer function for the different auto and cross-correlations

relevant for this work.
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panel, the points with error bars show the mean value of §, (and its standard deviation)
across the map after binning the map pixels by the local value of a given systematic template
S. The results are shown as a function of the fluctuation in the systematic map from its mean
across the footprint as a fraction of its standard deviation. The dashed lines in the figure
show the best-fit linear trend describing the data. By construction, deprojection eliminates
any linear correlation between J, and any map described by a linear combination of the
systematic templates. We can also see that the residual linear correlation with the templates
that were used to construct the Quaia selection function are relatively small (top panels). In
turn, the data shows a clear linear trend against the dipole components. This correlation
may be due to the local kinematic dipole in the observed density of distant quasars [30, 39],
or a consequence of residual large-scale systematic contamination not captured by any of
the other templates. Regardless of its origin, we choose to remove this dipole component
altogether in order to suppress its contribution to the power spectrum uncertainties at higher
multipoles via mode-coupling (see section 3.1.2).

We mask out pixels in the Quaia maps for which the corresponding Quaia selection
function is < 0.5 and use the selection function as pixel weights, and used the Planck lensing
mask as mask for k. For reference, our pixel cut based on the selection function reduces the
observable sky area from ~ 87% to 61% and 52% for the Low-z and High-z redshift bins
respectively. We binned all power spectra into bin of width A¢ = 2 in the range ¢ < 40,
Af¢ =5 in the range 40 < ¢ < 60, and A¢ = 30 in the range ¢ > 60.

As a last notable ingredient of this pipeline, we accounted for the Monte Carlo correction
of the normalization of the x field that arises from the presence of inhomogeneous noise of
the Planck data in our reference footprint. For this purpose we made use of the lensing
reconstruction simulations made available with the PR4 lensing maps and followed the
procedure discussed in [11, 26]. Such normalization becomes very large for the first two
bandpowers but is smaller than 10% for smaller angular scales.

3.1.2 Quadratic maximum likelihood pipeline

As an alternative, we developed a second pipeline based on a quadratic maximum likelihood
(QML) power spectrum estimation [40]. This pipeline allows us to test many of the assumptions
inherent to the first pipeline. Firstly, QML power spectrum estimation methods effectively
act as quadratic functions of the pixels and operates in pixel space. As such the estimate
of the mode-coupling coefficients caused by the presence of a mask is not subject to the
potential impact of finite band-limits in harmonic space.

Secondly, if the covariance matrix of the pixels is known, and if the field under study
is Gaussianly-distributed, the resulting estimator is manifestly optimal: all information
available in the data is encoded in the estimated spectrum. By construction, the PCL
estimator assumes a diagonal pixel covariance, and may be suboptimal when recovering
spectra with a red tilt, exhibiting significant correlations across distant pixels. This is often
particularly important on the largest angular scales. As in our analysis we are dealing with
auto and cross-power spectra estimates we used the QML power spectrum estimators of [41]
as implemented in the publicly available code xQML.*

“https://gitlab.in2p3.fr/xQML/xQML.
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This implementation writes down the quadratic estimate of the power spectrum CA'Z‘ B,QML

of two pixelized maps of scalar fields d 4, dp assuming that the cross-covariance between both
fields is negligible when compared with their auto-covariances. In this case, the estimators
for all auto- and cross-correlations are decoupled and may be calculated independently as

CpBQML = 37 [W‘l}w i (3.1)

The elements of eq. (3.1) are:

gnP = dE.dp — b)'B, (3.2)
E, = % (CAA)_IPg (CBB)_l, (3.3)
Wee = %’H (CAA)_l P, (CBB)_lPE/} , (3.4)

where Py, is a matrix involving the /-th Legendre polynomial:

20+ 1
Pg’ij = ?Pg(COS (91']‘), (3.5)

with 0;; being the angular separation between pixels ¢ and j. In the previous equations,
CXY is the pixel covariance between fields X and Y, which can be decomposed into signal

and noise components
CAB = (d,dE) = 818 + N4B, (3.6)

bg‘B ="Tr {EENAB} is the noise bias estimate. In the case of cross-spectra A =y, B = & the
noise is uncorrelated between maps and as such the cross noise covariance matrix N48 = 0
and b?B = 0. In turn, C}Y is affected by shot-noise. We estimated the shot noise bias
computing the average auto spectrum of 100 jackknife null maps of QSO overdensities derived
from random equal splits of the Quaia catalog.® This allows us to minimize the residual noise
biases arising from mismatches between the assumed data covariance and the true data one.

The computational time of the QML estimator roughly scales as the number of the
observed pixel to the third power, driven by the complexity of the brute force matrix inversion
involved in the algorithm. As such, it would be very hard to carry out the analysis at
the same resolution of the PCL pipeline. We therefore reprocessed the Quaia catalog to
produce maps of the QSO overdensity on a Ngqe = 16 HEALPix grid. The Planck CMB &
estimates are given in terms of harmonic coefficients. To have a low resolution version of the
CMB k map, we resampled on the same grid only the Fourier modes ¢ < 3Ngqe = 48 (the
maximum multipole supported by the grid) convolving them with the corresponding pixel
window function. We reprocessed the simulated x map of the Planck data release and use
those to compute N*®. We then used the publicly available random realization of the Quaia
catalog (which includes unclustered objects drawn from a uniform Poisson sampling of sky
locations according to the selection function) to compute the expected number of objects

. . —_ . . . . gg _ —
in each pixel p, np, and assumed a diagonal QSO noise covariance matrix Ny, = Opp! [ Tip

5We also verified that the noise-debiased C?99 agrees with the average of the cross-spectra of the aforemen-
tioned maps derived of the data splits which is inherently noise-bias free.

,10,



so that pixels where the selection function averaged in the pixel is lower are downweighted.
We generated the signal covariance S from the fiducial Cys of Quaia sources and k adopting
fnL = 0, the fiducial cosmology of the Planck FFP10 simulations’ cosmology, and the best-fit
bias model and redshift distributions of [26].

In the QML pipeline we treated the presence of systematics using mode deprojection via
template marginalization [33, 42]. In this context the map-level systematics are removed by
assigning infinite variance to contaminating templates, making therefore the power spectrum
estimate insensitive to the templates and is equivalent to marginalizing over the contamination
amplitude of each of them. Mathematically, this is equivalent to the linear deprojection
approach implemented in the PCL estimator [34]. For a list of k systematics templates t
this involves modifying the covariance matrices entering equations (3.3), (3.4) as:

C—->C+ Z Bk‘tktza (3.7)
k

where the sum is done over the number of templates and (5 are arbitrarily large numbers. We
included the same templates employed in the PCL case downgraded to the same resolution of
the data. This includes the three dipole templates, which were incorporated by adding a term
proportional to the ¢ = 1 Legendre polynomial AC;; oc Pj(cos 6;;) with a large prefactor. We
also considered an additional template made by the Planck Zodiacal light map but we found
this template to have no effect for the systematic marginalization.

Contrary to the PCL implementation of linear deprojection, the marginalisation approach
does not bias the estimator, since the mode loss inherent to deprojection is consistently
incorporated in the mode-coupling matrix (eq. (3.4)). We verified this empirically by applying
the estimator, including mode-deprojection, to simulated data that do not contain systematic
effects. In the QML pipeline we adopted the same binning for overlapping multipoles with the
PCL pipeline to minimize the computational cost which becomes quickly important, while
keeping enough resolution in the power spectrum estimate. However, the final power spectra
combined the QML Cy estimates up to £ < 16 and use the estimates derived on a pseudo-Cy
power spectrum estimation on smaller scales, similarly to what is done for the PCL pipeline.
The ¢ = 16 transition was chosen as we observed that the error of the QML and PCL estimates
became effectively the same for the mock data on small angular scales when the latter did
not deproject the dipole moments (see discussion section 3.2). We also did not include any
deprojection transfer function for the PCL data points as it is negligible on those scales. For
the computation of the power spectra across all scales we used a single galactic mask given
by the product of the two selection function and lensing mask employed in the PCL pipeline.

Similarly to the PCL pipeline, we accounted for the Monte Carlo correction of the
normalization of the CMB k field (denoted 7T} hereafter for consistency with [27]) using
the same procedure but processing the Planck PR4 lensing simulations in the same way we
did with the data. As the evaluation of the transfer function requires the computation of
the auto-spectrum of the input signal of the x maps as well as their cross correlation with
the corresponding reconstructed field ke for the same realization, we set the N** = 0 and
computed S"* from the theoretical power spectrum C}" while we computed the C'recfree
from the PR4 simulations directly. As the PR4 simulation include a large dipolar component
due to the kinematic motion of our local frame with respect to the CMB, we included a
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Figure 6. Left: comparison between PCL and QML pipeline used for this work for the largest
angular scales where the treatment of systematics, estimation and covariance differs the most. We
show the auto- (top) and cross-correlation with CMB lensing (bottom) for a single tomographic bin
for simplicity. The shaded area identifies scales not included in the cosmological analysis. Right:
comparison of the CMB lensing Monte Carlo correction for the QML and PCL pipelines. The QML
estimate here includes a marginalization over the large £ = 1 mode in the CMB lensing field that
better controls its leakage to higher multipoles.

marginalisation of the P; template for computing both of these cross-spectra. Contrary to the
PCL case, the CMB lensing transfer function is always well below 10% at all angular scales
because the QML estimator minimizes the impact of coupling of the dipolar modulations
of the lensing field connected to the local kinematic dipole. We show for comparison the
different transfer functions in figure 6.

Because the QML pipeline is computationally expensive and less flexible, in the following
we report the main results obtained for the PCL pipeline. However, we carried out extensive
consistency tests in particular for the case involving one single tomographic bin that we
discuss in appendix A. In figure 6 we show a comparison of the estimated large scale angular
power spectrum for both pipelines. Despite the radical differences in terms of systematics
treatment and assumptions implemented in the estimators and in the covariance modelling,
the agreement of the measurements at all scales is very good, as it can be seen in the figure,
and as are the final constraints.

3.2 Covariances

For the two fiducial power spectrum estimation pipelines, we adopt different fiducial models
for the data covariances. For the PCL pipeline we take a similar approach to [27] and estimate
the covariance matrix of the data from the power spectra of 1000 Gaussian simulations of the
quasar overdensity and CMB convergence maps, based on the measured power spectra of the
data as input to such simulations. This automatically incorporates the additional variance
caused by the presence of large scale systematics in the Quaia maps. This approach neglects
in particular the noise inhomogeneity in both £ and Quaia maps, as well as the fact that the
input power spectra are noisy, non-smooth realizations of the underlying true power spectra.
As in [27], we verified that both these effects have a negligible impact on the power spectrum
uncertainties and on the final constraints. As a consistency test we also used an analytical
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Gaussian covariance based on the Narrow Kernel Approximation [43], as implemented in
NaMaster, which is less noisy but also in principle less accurate for the largest angular scales.

For the QML pipeline, we also adopted a simulation-based approach but revised some of
the simplifications of the PCL implementation. We used the official Planck PR4 simulated
reconstructed k maps, which contain the effect of correlated inhomogeneous noise of the Planck
satellite measurements, and generated correlated Gaussian realizations of the Quaia maps
starting from the signal realizations of the PR4 simulations and a fiducial cross-correlation
model assuming the same Planck cosmology of the PR4 simulations, the eBOSS QSO bias
model of [44] and the measured redshift distribution of the Quaia sources. We then added
to this signal map a shot-noise realization based on the random Quaia catalogues that are
publicly available,® and a dipolar modulation with the same amplitude and direction observed
in the Quaia maps. As the QML pipeline adopts a mix of pseudo-Cy and QML estimates for
the largest scales, we resampled each realizations on the native HEALPix grid resolution of the
PCL and QML pipelines and processed these maps as we did with the data. The resulting
simulated data vectors were then used to compute the data power spectrum covariance. The
resulting covariance matrix incorporates more accurately the correlation between badpowers
and any other non-Gaussian contribution to the covariance. However they do not include
the extra variance due to the excess power induced by the Quaia systematics. To overcome
this issue in particular for £ < 30 we assumed a Gaussian approximation for these multipoles
but calibrated the diagonal of the covariance measuring the effective number of degrees of
freedom v, for each multipole bin b using the mock data as [31]

AB,QML 1 AAQML\ ; ~BB,QML AB,QML
Var (G170 — ” (GBI (PR, 4 (0 P, (3.8)
where the s subscript denotes quantities averaged over the number of realizations of our
simulated data set and A, B € {g,k}. We then used the estimated v}, to rescale the covariance
by the power spectrum measured on data as

Var (C?B,QML) _ Vl (CZ;LXA,QMLC;%B,QML n O?B,QML) ’ (3.9)
b

so that potential non-Gaussian bandpower correlation is preserved and the extra variance due
to observational systematics is accounted for. We note that for scales where the systematics
in the auto-correlation do not clearly dominate, we adopted the largest between the analytical
and the Monte Carlo error bar. For both the PCL and QML pipeline we applied a correction
factor to the inverse covariance matrix to account for the finite number of simulations used
to calculate the covariance, as described in [45]. As we start from the PR4 reconstructed
k realizations we are limited to 400 realizations for the QML pipeline (compared to the
1000 realisations used for the PCL estimator).

3.3 Low-£ scale cuts

The set of simulations produced for the QML pipeline covariance estimation was also used
to define the large-scale cuts adopted in our analysis. For each of the simulated maps we

5The public random catalogues contain 10 times more objects than the Quaia sample, but we only draw a
number equal to the size of the data sample in each realisation.
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analysed the realizations with both the PCL and QML pipelines and applied systematics
subtraction (via deprojection or marginalization) as we implemented for the real data. We
then calculated the distribution of differences in each power spectrum multipole bin before
and after systematics deprojection, for both €79 and C;?, and for both analysis pipelines.
We then compared these simulated distributions to the differences observed in the real data
after systematics deprojection. Since our simulations do not include systematic effects, any
observed change in power due to deprojection is random — arising from chance correlations
and mode loss. We therefore decided to exclude power spectrum bins where the observed shift
in the data had a probability to exceed (PTE) below 5% compared to the simulation-based
distribution. We computed the PTE using a two-sided distribution to account for the sign
of the shift, given that systematics deprojection preferentially reduces power.

For both the QML and PCL pipeline we found that scales £ < 15 shift in an anomalous
way for C79 and as such are affected by systematics. We therefore adopted this conservative
scale cut in the analysis of the QSO auto correlation as baseline. On the other hand, we
found that the shift in all the C;¥ bandpowers were consistent with random fluctuations.
As such we decided to include all the angular scales down to /i, = 2 in the analysis of the
CMB lensing cross-correlation. We show a summary of these results in figure 7.

This scale cut definition checks for anomalous shifts while removing part of the sample
variance, as opposed to an assessment simply based on the amplitude of the power shifts
induced by systematics subtraction in relation to the statistical uncertainties. Nevertheless,
as we show in section 4, systematic deprojection shifts the bandpowers by an amount that
is subdominant with respect of the statistical error on the scales used in this analysis. We
note that we defined this set of scale cuts looking at the overall QSO clustering based on one
single redshift bin. However, in the final cosmological constraints we assessed the impact of
the scale cuts modifying the £,,;, included in the analysis and show that we recover consistent
results and thus the scale cuts applied are robust.

In figure 7 we also show the importance of properly treating the large dipole of the QSO
distribution in our pipelines. For this purpose we show results obtained using mock data
including a dipole in the QSO distribution as well as results based on dipole-free simulations.
As it can be seen in the bottom panel for the case of the PCL pipeline, an untreated dipole
generates additional variance and biases in the observed distributions of power spectra shifts
induced by systematics deprojection compared to the case where mock data are dipole free.
Including the ¢ = 1 spherical harmonics templates in the systematic deprojection removes
biases and extra variance associated to the QSO dipole with the price of having to model
this through a transfer function. In the case of the QML pipeline shown in the top panel
conversely, the dipole marginalization effectively makes the presence of the QSO dipole
irrelevant. We will test the robustness to all these aspects of the analysis in the following.

3.4 Primordial non-Gaussianity and projected fields

We focus our analysis on the impact of local-type PNG on the clustering of biased tracers.
In the presence of local PNG, the primordial gravitational potential can be characterised
as in eq. (1.1). As initially shown by [8], local PNG modifies the clustering of galaxies
on large scales. Focusing only on large scales, we can model the three-dimensional quasar
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Figure 7. Examples of the difference in the measured power spectra induced by systematics
deprojection for different multipole bins and spectra. In solid red we show the measurements on data,
while the histograms show the expected distribution of such shifts estimated from simulations with no
systematics. Orange histograms show distributions evaluated adding a dipole in the simulated QSO
maps while the blue histograms are derived from simulations with no QSO dipole. The two rows
show the results for the QML (top) and PCL (bottom) pipeline. For ¢ = 6 the probability of data
and simulations being consistent is < 1%, hinting for the presence of systematics in the data (left).
For ¢ = 20 (middle) shifts are consistent with random fluctuations. ¢ = 15 is the largest scales for
which the observed shifts are consistent with random fluctuations at the 95% C.L. and we therefore
select this as our scale cut. For CyY (right) no sign of systematics can be observed even for scales
contaminated in the QSO auto-correlation. For illustrative purposes, we did not remove the QSO
dipole for the PCL panels. As can be seen, accounting for the QSO dipole is crucial to avoid biases
and extra variance induced by the leakage of the dipole through the observational masks. We did so
in our fiducial PCL analysis deprojecting the Yig, Y11 templates.

overdensity in Fourier space at the tree level as

Ay(k,z) = |b(z) +

b(z) — Ak, 2), 1
O[(k‘,Z) ( (Z) pd)) fNL ( Z) (3 0)
where 6. = 1.686 is the collapse threshold [46], and b(z) is the galaxy bias, which we explicitly
show is redshift-dependent. The scale-dependent factor (k) allows us to connect the 3D
matter overdensity A,, with the primordial gravitational potential as

2¢2k%T (k) D(2)
alk2) = =9 HZ

(3.11)
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where T'(k) is the matter transfer function, normalised to T'(k — 0) — 1, and D(z) is the
linear growth factor for matter perturbations, normalised to (1+z) D(z) — 1 at high redshifts,
during the matter-dominated era. €1, is the fractional amount of non-relativistic matter
at z =0, and Hy is the expansion rate today. Finally, ps characterises the modification to
the response function of the galaxy overdensity to a large-wavelength fluctuation caused by
INL. pg is assumed to range from py = 1, corresponding to the spherical collapse prediction
for a Universal mass function [47], to ps ~ 1.6 for recently-merged haloes (as found in
N-body simulations) [47-49]. The latter value was argued to be potentially more appropriate
for quasars [47].

In this work we analyse the projected clustering of quasars. Within the linear bias model
presented above, the observed 2D overdensity d,(f1) in the sky position i is given by [11]

Jg(R) = (A1) + 65N () + 6,0 (A) + 6728 (h). (3.12)
Here, 5:;nt(ﬁ) is the contribution from the intrinsic clustering of galaxies in the absence of PNG:
5;nt(f1) = /dzp(z) b(z) A (xi, 2), (3.13)

where p(z) is the redshift distribution of the sample and x is the comoving radial distance.
5§NG(ﬁ) is the scale-dependent contribution due to PNG

SNG() = [ dzp(=) i (0(2) — o) AFNC(xci, 2), (3.14)
with 5
ATNG(k, z) = afk CZ)Am(k, z). (3.15)

Finally, 6§SD(ﬁ) and 6,8 () are the contributions due to redshift-space distortions (RSD)
and magnification bias:

dz

5P (R) = — %p(z) Oy, 6,% = /dx Winag (X)

SV +0)] (et 20, (3.16)

where v|| is the peculiar velocity field along the line of sight, J) is the line-of-sight gradient,
1 and ¢ are the metric potential in the Newtonian gauge, Vi is the Laplacian operator on
the plane perpendicular to the line of sight, and

Winae () = X / :;) &' p(z')(5s(2) — 2) (1 _ X(XZ,)) . (3.17)

Here s(z) is the logarithmic slope of the cumulative number of sources as a function of
magnitude for the sample under study. RSD and magnification are the leading contributions
to the fluctuations in the observed number counts of sources caused by perturbations to the
comoving volume elements and source fluxes in the presence of inhomogeneities [50-52]. The
remaining so-called “relativistic effects” are subdominant and can lead to a small increment
or decrement of power on large scales, commensurate with a PNG signal of | fx,| ~ 1. While
this may become important with future, more sensitive searches, the effect of these terms
can be safely neglected in this analysis [52-54].
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We also study the cross-correlation of the Quaia sample with maps of the CMB lensing
convergence £(f), given by

R XLSS X
k(h) = / dx x <1 — )
0 XLSS

where x1gs is the distance to the last-scattering surface, at z = 1089.

5726+ )] (aa200) (3.15)

The theoretical prediction for the cross-spectrum between any of these two projected

fields can be written as
o 2 «
0" =2 [[[ dxa dxo di i Pl 206). 206) A3 (hxa) A x), (3:19)

where P(k, 21, z2) is the unequal-time matter power spectrum, and A¢(k, x) is the line-of-sight
source function for field &. We approximate the unequal-time power spectrum assuming
perfect correlation between different times

k‘ 21,22 \/P ki Zl k‘ 2’2) (320)

which is sufficiently accurate [55, 56]. Within the linear bias model used here, and assuming
a flat ACDM model to relate v, and ¢ + ¥ with A,,, the source function for the observed

quasar overdensity is [9, 51]

AJ (k%) = AP (k,x) + APNC (k) + ARD(k y) + APE(k, ), (3.21)
ARk, x) = b(z) H(2) p(2) je(k), (3.22)
APNG (1 ) = (b(=) - p) St af;) H(2) p(2) jelk), (3.23)
ARSD (o, \) = —H(2) p(2) (2) 72 (), (3.24)
AT (hx) = () S HR (14 2) W () ). (3.25)
and the CMB lensing source function is
AF(h0 = " S (2 (1= ) B < ) (3.26)

Here, jy(z) is the spherical Bessel function of order ¢, ©(< z) is the Heavyside function,
f(2) is the growth rate, and H(z) is the expansion rate at redshift z. In all cases above, z
implicitly denotes the redshift at the comoving distance x in the background.

As eq. (3.19) shows, calculating the angular power spectrum involves, in principle, a
triple integral over xi, xo, and k. This can be significantly sped up using the Limber
approximation [57, 58]. This approximation becomes less accurate on large scales, where most
of the sensitivity to fxr, # 0 lies, and therefore we only adopt it at £ > 200, where it is very
accurate [58, 59]. For smaller values of ¢ we use the non-Limber calculation as implemented
in the Core Cosmology Library (CCL) [60], specifically using the FKEM technique [61], first
presented in [62]. Nevertheless, the impact of the Limber approximation was found to be
highly subdominant for the Quaia sample on the scales explored here in (see figure 3 in [27]).

Figure 8 shows the impact of local PNG on the angular power spectra used in this
analysis for different values of fyy,. It is interesting to note the distinct effect of large negative
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Figure 8. Impact of local primordial non-Gaussianity on the Quaia auto- and cross-correlations used
in this analysis. All predictions shown here were calculated assuming the fiducial Planck cosmology,
the Quaia redshift distribution and a PNG response parameter py = 1. Results are shown for the for
the quasar auto-correlations, the cross-correlations with CMB lensing (middle), and for the cross-bin
power spectrum (bottom). The shaded bands identify the low-£¢ (grey) and high-¢ (blue) scale cuts
adopted in our fiducial analysis setup.

values of fnr, on the auto-correlations and the CMB lensing cross-correlations. Since the
scale-dependent bias appears squared in the auto-correlation, negative values of fnr, lead
to a power enhancement on the largest scales, and a suppression on intermediate scales. In
turn, negative fni, always suppresses the cross-correlation. The latter therefore allows us
to better distinguish between positive and negative values of fxr,, thanks to its monotonic
trend with fyr, and the possibility to access the largest scales with minimal systematic
contamination. In order to better disentangle the sign of fxr, from the auto-correlation, it is
important to observe the characteristic signature of a potential negative fyi, value at the
smallest possible angular scales, which have a lower sample variance and less systematic
contamination compared to its largest scales. This can only be ensured by tomographic
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analyses like the one carried out in this work using high redshift samples, as it can be seen
comparing the top left and right panel of figure 8.

3.5 Likelihood

To derive constraints on fn1, we use a Gaussian power spectrum-level likelihood of the form

—2log p(d|f) = (d — t(6))TC (d — t(0)) + K. (3.27)
Here, d is the data vector that contains our power spectrum measurements. t is the theoretical
prediction for d, dependent on a set of model parameters g. C is the covariance matrix of
d, and K is an irrelevant normalization constant.

The data vector d contains our measurements of the quasar auto-correlation, and the
quasar-lensing cross-correlation for each redshift bin. Each power spectrum is used over
a different range of scales ({min,fmax), defined as follows: the large-scale cut is chosen,
as described in section 3.1, to ensure that our measurements are free from systematic
contamination in the quasar density maps. Specifically, in our fiducial analysis we use fpin
for the quasar-lensing cross-correlations, and i, = 15 in the quasar auto-correlations. The
small-scale cut /.« is chosen to ensure the validity of the linear bias model adopted in this
analysis. Specifically, we define a different scale cut for each redshift bin as ax = kmax X,
where kmax = 0.07 Mpc™!, and y is the comoving distance to the mean redshift of each bin.
This corresponds to £y = 236 and 390 in the low- and high-redshift bins respectively.

Modelling the power spectrum likelihood as a multivariate Gaussian is only an approxima-
tion: even in the simplest case of Gaussian maps, the associated power spectra would follow a
Wishart distribution [63]. As we demonstrated in [27], the distribution of the quasar-lensing
cross-correlation measurements is well described by a Gaussian at all scales. This is also the
case for the quasar auto-correlation on the smaller scales (¢ > 15) over which we use it to
avoid clustering systematics, due to the central limit theorem.

To construct t(#) we follow the model described in section 3.4. The redshift distribution
of each bin was constructed as described in section 2.1. The redshift-dependent bias in
the i-th redshift bin is modelled as

b(z) = A; bi(2), (3.28)
where b, (z) is the fitting function for the bias of quasars in the sample studied by [44]:
be(2) = 0.278((1 + 2)? — 6.565) + 2.393, (3.29)

and A; is a free parameter of the model (one for each redshift bin). To quantify the impact
of this choice of redshift evolution, we will also repeat our analysis for the alternative model
presented in [28] (P24 hereafter), which provides a better fit for the Quaia sample:

D(0)
bi(z) = 1.26——=, 3.30
() =126 53 (3.30)
where D(z) is the linear growth factor for the best-fit ACDM cosmology found by Planck [64].
Note that the cosmological analysis of the Quaia sample presented in [26] found cosmological
parameters that are slightly different from (but consistent with) the best-fit Planck values.
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Our fiducial analysis will use the auto- and cross-correlations from the two redshift
bins described in section 2.1. Thus, our model is described by three free parameters:
0= {41, Ag, fn1.}, where A; and Ay are the bias amplitudes in the low- and high-redshift
bins, respectively. We sample this likelihood using the affine-invariant Markov chain Monte
Carlo (MCMC) algorithm implemented in emcee [65].

In order to significantly speed up the evaluation of the theoretical prediction described
above, we approximate the dependence of the angular power spectra on these parameters
as follows: first, we write the source function for the quasar intrinsic clustering (eq. (3.22))
in the i-th redshift bin as:

Aient’i(k, X) _ Az b, i H(Z) pi(z) je(k;x(z)) = bl Aient’i(k-’ X), (331)

which defines the parameter-independent source function Aim’i(k‘ X), and where b, ; is the
mean value of the fiducial bias function b, (z) over the redshift distribution of the i-th bin

bei = /dzpz (3.32)

We have also defined b; = A;b, ;. Then, we approximate the PNG source function (eq. (3.23)) as

APNG (k) = (b(2) — p) fa—f H(2) pi(2) jo(k)

a(k, z)
~ (b; — p) fNL b;;ij)__pp a(zkicZ)H(z)Pi(z)je(kX)
= (bi — p) i Ay V(R X), (3.33)

which defines the parameter-independent PNG source function AENG’i(k, X)- Evidently, this
approximation is only appropriate if the bias amplitude parameters A; are close to 1. Since
in all the cases explored here the best-fit values of A; never deviate from this value by more
than ~ 10%, we find that this approximation is indeed sufficiently accurate. Specifically, for
a 10% deviation in A;, this approximation incurs a very small error that leads to a difference
in the x? of the associated model of Ay? ~ 0.01, which is negligible.

The main advantage of this approximation is that it allows us to write the quasar
auto-correlation in bin 7 as:

ng _ b% C‘,ént,int + Qb(b . )fN C‘,ént,PNG + 2b'C‘,int,(RSD+mag)

n C—,(RSD+mag),(RSD+mag) (3.35)

where all barred Cys (e.g. C’mt mt) denote power spectra involving the parameter-independent
source functions. Likewise, the quasar-lensing cross-correlation is

an —b; C_vént,ﬁ + (bz _ p)fNL C‘%’NG,K + C—,lgRSDerag),n

Although the barred power spectra are slow to calculate, particularly without the Limber
approximation, they need only be computed once before sampling the likelihood (since they
do not depend on the model parameters). Once this is done, the likelihood is a simple
polynomial function of the parameters, which can be evaluated in ~ 0.3 milliseconds on
a standard laptop. This allows us to run Monte Carlo chains with tens of thousands of
samples at a negligible computational cost.
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Figure 9. Difference between power spectra measured with and without linear contaminant de-
projection as a fraction of the statistical uncertainties for £ < 40. Results are shown for the quasar
auto-correlations (solid lines), including the cross-bin correlation (black dashed lines — not used in
the fiducial analysis), as well as the quasar — CMB lensing cross-correlations (dotted lines). On
scales £ > 15 (gray shaded area), corresponding to the fiducial scale cut applied to the quasar auto-
correlations, the differences remain below 20% of the measurement errors (shown as the red-shaded
horizontal band).

4 Results

4.1 Power spectrum measurements

We measure the auto-correlation of the quasar overdensity in the two redshift bins, as well
as the cross-bin correlation, and their cross-correlation with the CMB lensing map using
the pseudo-Cy approach described in section 3.1. Crucially for this analysis, we mitigate
the impact of observational systematics on large scales by linearly deprojecting the ten
contaminant templates presented in section 2.1. These trace the scanning patterns of both
Gaia and un WISE, stellar abundance, and dust extinction, as well as three dipole moments.
As discussed in 3.1, we find that the Quaia overdensity maps are most strongly correlated
with the dipole, likely due to a combination of the kinematic dipole and residual large-scale
contamination. Deprojecting the dipole components has a beneficial effect in the power
spectrum measurements, reducing the variance caused by mode coupling on the smallest
multipoles.

We correct for the loss of power caused by deprojection through the transfer function
approach discussed in section 3.1. To quantify the potential presence of residual contamination
in the data after this procedure, we compared the power spectrum measurements with and
without contaminant deprojection. The difference between both measurements on large scales
is shown in figure 9 as a fraction of the statistical uncertainties. We find that, after £ = 15, the
differences are subdominant (less than 20% of the statistical uncertainties), further justifying
our choice of large-scale cut for the quasar auto-correlations. It is interesting to note that
the cross-correlation between both bins (not used in the fiducial analysis) exhibits deviations
between the cases with and without deprojection above 0.20 extending to smaller scales.
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Figure 10. Measurements, after contaminant deprojection, of the quasar auto-correlation (black
points) and their CMB lensing cross-correlation (red points) for the Low-z and High-z redshift bins
(top and middle panels, respectively), and the cross-correlation between the redshift bins (bottom
panel). The shaded red and black bands show the 68% confidence level (C.L.) bounds on the power
spectra within our 3-parameter model, including fx1, and the linear bias in both redshift bins. On large
scales, this is dominated by the uncertainty on fyr,, corresponding to fnxr, = —20.2 £ 18.4 (constraints
found when including data from both redshift bins). The best-fit prediction is shown as solid lines.
The blue lines show the theoretical prediction for the best-fit bias parameters but fixing fxr, = 0. The
blue shaded vertical band marks the high-£ scale cut applied for both C7? and C7", while the gray
vertical band shows the large-scale cut imposed on the quasar auto-correlations.

Our measurements of the quasar auto-correlations and cross-correlations with CMB
lensing are shown in figure 10. The shaded bands show the 1o bounds for the theoretical
prediction within our 3-parameter model ({A1, A2, fn1}, see section 3.5). The vertical blue
band marks the small scales excluded from our analysis of both C§* and C7”, while the gray
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Figure 11. Constraints on the 3 parameters of our model: the bias amplitudes in each redshift bin
A; and As, and the PNG amplitude fxr. Constraints are shown for our fiducial analysis, using both
auto- and cross-correlations and assuming a universality relation for the bias response to PNG, with
py = 1 (vellow contours), for the case of a merger-driven population (ps, = 1.6, red contours), and for
an analysis using only the CMB lensing cross-correlations (blue contours).

vertical band shows the large-scale cut used for C79. Within this range of scales, the model
is able to provide a good fit to the data, with a best-fit x> = 117.9 for a total of 109 degrees
of freedom, corresponding to a probability-to-exceed (PTE) of 0.26.

4.2 Constraints on fnr,

The constraints on fyr, and the two bias amplitude parameters A; and As, using our fiducial
analysis choices, are shown in figure 11 (yellow contours). We find a constraint on the
PNG amplitude parameter of

farn = —2054129 (py =1, 68% C.L.), (4.1)

compatible with fyp, = 0 at the 1.10 level. The galaxy bias parameters are also in relatively
good agreement (within ~ 20 of unity) with the fiducial bias model. As mentioned in the
previous section, the resulting best-fit model is a good fit to the data.

Figure 11 also shows the constraints found assuming a PNG response corresponding
to a population dominated by recent mergers as may be the case for quasar populations,
with ps, = 1.6, as discussed in 3.4. In this case, the constraints are degraded slightly, as
expected, with

far = 287581 (s = 1.6, 68% C.L.), (4.2)

in similar agreement with fxr, = 0. Finally, the figure shows the constraints found using only
the quasar-CMB lensing cross-correlations, which are more robust to the presence of residual
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Figure 12. Constraints on fyr, obtained in our fiducial analysis (shaded horizontal band), and
adopting alternative analysis strategies that test the robustness of our results. The numerical values
shown here are listed in table 1, and the different tests are described in the main text.

contamination in the galaxy overdensity maps. The resulting constraints, assuming ps = 1, are
fnr = —13.87350 (py =1, no CY?, 68% C.L.), (4.3)

We observe a marginal shift towards fyxr, = 0 with respect to our fiducial result, combined
with a ~ 40% increase in the statistical uncertainties. Repeating this analysis assuming
py = 1.6 we obtain

far = —15.673%2, (ps = 1.6, no Y9, 68% C.L.), (4.4)

with a degradation in the constraints comparable to the one obtained for the py = 1 case.
In all cases, we find the posterior distribution on all parameters to be mostly symmetric
and close to Gaussian. Nevertheless, in all cases we report the median and two-sided 68%
confidence interval around it.

These constraints are robust to our specific analysis choices and against several potential
sources of systematic errors. We carry out a number of tests to quantify this, repeating
our analysis for variations in the data vector and theory model. The resulting constraints
obtained in these cases are listed in table 1 and the impact on the fyi, measurements is
shown in figure 12.

First, we repeat our analysis focusing on different subsets of the data to quantify the
level of internal consistency of our constraints. The result of considering only the galaxy-
lensing cross-correlation was reported above. Removing these cross-correlations and using
only the quasar auto-correlations (row 4 in table 1) results in a lower central value for fyr,,
accompanied by a 90% increase in the statistical uncertainties. This is one of the largest
shifts we observe across all our tests, and is mostly driven by the marginally higher bias
value favoured by the quasar auto-correlation in the High-z bin.

To quantify the significance of this shift, and the potential presence of internal tension in
the data, we carry out the following frequentist exercise. We generate simulated realisations
of our full CYY 4+ CJ" data vector by drawing from a multivariate normal distribution with a
mean given by the theoretical prediction corresponding to our fiducial best-fit parameters, and
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Analysis setting INL Ay Aoy X%/ Naot PTE
1. Fiducial —20.51199 | 1.0940.05 | 0.96 4+ 0.04 | 117.9/109 | 0.3
2. py = 1.6 —28.7720-1 1 1.09 4+ 0.05 | 0.96 4 0.04 | 118.0/109 | 0.3
3. No 9 ~13.8%287 | 1.06 +0.06 | 0.86 & 0.06 | 56.0/60 | 0.6
4. No Cf" —61.87358 | 1.11 +£0.06 | 1.05+0.06 | 55.5/46 | 0.2
5. Low-z ~17.8%872 1 1.07 4 0.06 | N.A. 52.2/49 | 0.4
6. High-z —23.27793 | N.A. 0.96 4+ 0.04 | 60.9/59 | 0.4
7. -cross-bin —28.31177 | 1.08 £ 0.05 | 0.97 4 0.04 | 146.9/131 | 0.2
8. 1 bin —46.97239 1 1.034+0.04 | N.A. 50.0/55 | 0.7
9. G <20 1217212 1 1.18 4+ 0.07 | 0.94 4 0.07 | 110.9/109 | 0.4
10. 099 =10 —17.771%0 1 1.09 4+ 0.05 | 0.95 4 0.04 | 126.6/115 | 0.2
1. 9% =4 —29.07158 | 1.09 4+ 0.05 | 0.96 4+ 0.04 | 110.7/107 | 0.4
12. 9% =10 —38.272%3 | 1.10 4 0.05 | 0.97 4 0.05 | 109.2/101 | 0.3
13. No deproj. ~13.57139 1 1.10 4 0.05 | 0.95+0.04 | 116.0/109 | 0.3
14. kmax = 0.1 —28.5T184 | 1.1240.04 | 0.96 4 0.04 | 142.3/127 | 0.2
15. Analytic cov. —21.07188 | 1.0940.05 | 0.9440.04 | 124.0/109 | 0.2
16. With RSD —20.171%8 1 1.09 £ 0.05 | 0.96 &+ 0.04 | 117.9/109 | 0.3
17. With mag. —21.27182 1 1.09 4+ 0.05 | 0.9540.04 | 118.3/109 | 0.3
18. P24 b(z) —23.67195 | 0.8840.04 | 0.99 4 0.05 | 118.7/109 | 0.2
19. No k TF —29.4170 1 1.0740.05 | 0.96 4 0.05 | 121.3/109 | 0.2
20. No-TT —47.4%218 1 1.06 4 0.05 | 1.07 4+ 0.05 | 89.8/109 | 0.9
21. No-TT, No C¥9 | —24.0287 | 1.02+0.09 | 1.07+0.10 | 46.4/60 | 0.9
22. py = 1.6,No C{? | —15.6757% | 1.06 £ 0.06 | 0.86 £0.06 | 56.1/63 | 0.6

Table 1. Constraints on the model parameters: the PNG amplitude fxp, and the bias scaling
amplitudes for the different redshift bins (4; and As). Results are shown for our fiducial analysis (first
row), as well as all other variations used to explore the stability of our results to different analysis
choices and potential systematics; detailed descriptions are in the text. The best-fit x2, number of
degrees of freedom, and associated PTE are listed in the last two columns.

the covariance matrix of the data. For each realisation, we then find the best-fit parameters
of our model, consider either the full set of auto- and cross-correlations, or only the quasar
auto-correlations. We then study the distribution of the difference between the best-fit values
of fxr, found in either case. The distribution reconstructed from 10* such realisations is shown
in the top panel of figure 13, with the fyi, difference found in the real data shown as a vertical
line. We find that 18.6% of all realisations recover downward shifts in fyi, that are larger
than that found in the data. The shift we recover is therefore not statistically significant.
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Figure 13. Top panel: distribution of the difference between the best-fit values of fyi, found using
only the galaxy auto-correlation and that found using both auto- and cross-correlations, obtained
from a suite of 10* Gaussian simulations. The red dashd line shows the value obtained from the real
data. Bottom panel: as the top panel for the difference between the best-fit values found using one or
two redshift bins.

The large increase in statistical uncertainties when using only the quasar auto-correlations
also shows that our constraints are dominated by the C’Zg"i cross-correlation.

We then consider the impact of restricting our analysis to only one of the two redshift
bins (rows 5 and 6 for the Low-z and High-z bins, respectively). Discarding the high-redshift
bin results in a dramatic ~ 3.5-fold increase in the statistical uncertainties, clearly showing
that our constraints are driven by the high-redshift data. This is reasonable, as this sample
covers a larger volume, and the low-¢ angular power spectra are able to access smaller physical
wavenumbers k, more sensitive to PNG. In either case, the resulting fni, constraints are
compatible with our fiducial measurement. Finally, we repeat our analysis including the
cross-correlation between quasars in both redshift bins. The resulting constraints on fyr,
(row 7 in table 1) shift downwards by ~ 0.4o0, while the errors shrink by approximately
10%. The impact of including this cross-correlation is interesting for several reasons. First,
in principle this cross-correlation should allow us to recover some information contained in
long-wavelength radial modes that is lost by considering only projected statistics [66]. At
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the same time, cross-bin correlations are less robust to various forms of systematics. Besides
genuine extra power on very large scales, the only other possible contributions to the signal
in this spectrum come from the overlap between the redshift distributions of both bins,
or from magnification bias. On the other hand, a non-zero cross-correlation could also be
sourced by correlated residual sky contamination in both bins. Therefore, the fact that
our fiducial results do not change significantly when including the cross-bin correlation, is
further reassurance that these sources of systematic uncertainty (photometric redshift errors,
uncertainties in the magnification bias slope, and residual sky contamination) are under
control in our sample. The goodness of fit for this case also supports this conclusions (see
also the discussion in [26]). However, in order to be conservative as we do not have a fully
overlapping spectroscopic sample to accurately test or recalibrate our redshift distribution,
we did not quote this as our baseline.

We also explored the impact our analysis varying our selection of the Quaia sources. First,
we repeated our analysis using a single redshift bin covering the range z, < 5 (row 8). The
resulting constraints shift towards negative fnr, by approximately 1o, with uncertainties that
grow by ~ 30%. To quantify the significance of this shift, we repeat the analysis described
above to study the shift observed when excluding the lensing cross-correlations. We generate
Gaussian realisations of our power spectrum measurements for the single-bin and two-bin
versions of the analysis, fully accounting for the covariance between both datasets at the
level of both signal and shot noise (we estimate the cross-covariance between the single-bin
and two-bin power spectra following the same approach used for our fiducial measurements).
We then find the best-fit values of fn1, in both datasets, and recover the distribution of the
difference between them. The result is shown in the bottom panel of figure 13, with the
difference found in the real data marked as a vertical red dashed line. We find that 13% of
all realisations recover larger shifts than those found in the data. This shift is therefore only
mildly significant (1.50), although there are several potential reasons for it. For instance, the
single-bin case is potentially more strongly affected by the inclusion of small-scale structures
at low redshifts within our scale cuts, as well as more sensitive to the assumed evolution of
the quasar bias within the bin. A misestimation of the effective galaxy bias due to either of
these effects would be compensated by a shift in fy,. As a second test of our quasar selection,
we obtained constraints after imposing a brighter magnitude cut on the Quaia sample, using
only sources with G > 20; this is a cleaner sample with better redshift uncertainties and lower
systematics. The resulting constraints (row 9) are compatible with our fiducial measurement,
with a measurement error that grows by ~ 40% due to the impact of shot noise.

We find that our constraints are broadly stable against variations in the large-scale
cut imposed on the data vector, both for C79 and C7" (rows 10-12). In particular, using
a less conservative scale cut for C7Y (row 10) leads to a shift in fyy, towards zero. Since
potential contamination from observational systematics would most likely manifest itself on
the largest scales probed, this is indirect confirmation that our results are robust against
this contamination. As further evidence of this robustness, repeating our analysis on galaxy
overdensity maps on which no deprojection of contaminant templates is performed (row
13) does not change our results significantly. Changing the small-scale cut used from
kmax = 0.07 Mpc_1 to kmax = 0.1 Mpc_1 also does not strongly affect our constraints (row 14).
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To test the stability of our constraints against the procedure used to estimate the
covariance matrix of our measurements, we repeat our analysis using the analytical Gaussian
covariance matrix estimated by NaMaster. The narrow-kernel approximation used in this
estimate is known to lose accuracy on large scales, where the PNG signal is concentrated.
The methodology used here also ignores the impact of inhomogeneity in the associated maps
(e.g. caused by the spatially-varying Quaia selection function). In spite of this, the constraints
found are in very good agreement with our fiducial measurement (row 15).

Our constraints are also robust against potential errors in the theoretical predictions.
Our fiducial model ignores both magnification bias and redshift-space distortions (RSDs),
and assumes a specific functional form for the redshift evolution of the linear galaxy bias.
Accounting for RSDs leads to virtually no change in the constraints (row 16). The inclusion
of magnification bias, using the values of s(z) measured for the Quaia sample in [26] (see
figure 3), also has a negligible effect on our results (row 17). Using the bias evolution model
of P24 instead (see eq. (3.30)) also does not change our conclusions significantly (row 18).

Finally, we study the impact of potential systematics in the CMB lensing maps used in our
analysis. First, we quantify the effect of correcting for the mode loss in lensing reconstruction
by repeating our analysis without correcting for the associated transfer function described
in section 2.2. Failing to include this transfer function results in a downward shift in fnr,
by ~ 0.50 (row 19). Thus, we do not expect any potential misestimation of the lensing
reconstruction transfer function to affect our constraints significantly. Secondly, we test
for the potential presence of residual contamination from extragalactic foregrounds in the
CMB lensing map. Most importantly, the presence of Cosmic Infrared Background residuals
could correlate strongly with the high-redshift quasars, leading to a biased cross-correlation
measurement. This could then bias our estimate of fyr,, either by directly modifying the shape
of the cross-correlation on large scales, or by affecting our estimate of the quasar bias. As was
done in [26, 28], to test for this systematic, we make use of an alternative CMB lensing map
constructed avoiding T"T" contributions in the quadratic estimator, described in section 2.2.
Since only combinations involving polarization data contribute to this map, it should be
largely free from extragalactic foreground contamination, at the cost of a degraded sensitivity.
Repeating our analysis using this map, using both C’fg and C’f”, leads to the constraints
found in row 20 of table 1. The constraints are shifted by ~ —1o with respect to our fiducial
measurements. However, this shift is not caused by the change in CMB lensing map, but is
instead due to the preference of C7Y for a more negative value of fr,, discussed above (see
row 4): the lower sensitivity of the No-TT map downweights the contribution of C7", which
then leads to this shift. We can verify this by removing the quasar auto-correlations from the
analysis. The resulting constraints on fyy, (row 21) are in good agreement with our fiducial
results (row 1), and with the C7"-only analysis carried out with the GMV k map (row 3).

In summary, none of these tests reveal a significant systematic in our fiducial fnr,
constraints, or a lack of internal consistency in our measurements. The best-fit y? and
associated PTE for these alternative analyses are listed in the two last columns of table 1.
In all cases we find that our best-fit model provides a reasonable description of the data,
with PTEs ranging from 0.15 to 0.9.
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5 Discussion and conclusions

We have presented constraints on local-type primordial non-Gaussianity from the cluster-
ing of quasars in the Quaia sample, using both their projected auto-correlation and their
cross-correlation with maps of the CMB lensing convergence by Planck. We validated our
power spectrum estimation pipeline against an independent implementation of the quadratic
minimum-variance estimator, and quantified the impact of systematic contamination in the
quasar overdensity maps via linear deprojection techniques. We find the PNG amplitude fnr,
to be compatible with zero, at the ~ 1.1¢ level in our fiducial analysis, and at 1.00 with
the Planck estimate of £ = —0.9 £ 5.1 [3]. The measurement uncertainties, assuming an
fn1, response with pgy = 1 or pgy = 1.6, are o(fnr,) ~ 18 and o(fn1,) ~ 25, respectively (see
egs. (4.1) and (4.2)). These results are consistent with those found using only the quasar-CMB
lensing cross-correlation, which is potentially more robust against systematic contamination
(see eq. (4.3)). Exploiting the quasar cross-correlation between different redshift bins allows
us to further reduce the statistical uncertainties by ~ 10%.

Our results are robust against the most likely sources of systematic uncertainty, both
observational and theoretical. This includes our choice of scale cuts, the presence of residual
contamination in the galaxy overdensity and CMB lensing maps, the impact of magnification
bias and redshift-space distortions, and assumptions about bias evolution. The results also
display a good level of internal consistency. Although we observe a shift in fnr, towards more
negative values when considering only the quasar auto-correlations, we showed that the shift
is not statistically significant. Our constraints are driven by the large-scale cross-correlation
with CMB lensing, and by the High-z quasar sample.

It is interesting to compare our results with the most recent PNG constraints from the
literature. Figure 14 summarises the current state of the art. The results presented here are
consistent with those found from the projected clustering of quasars and luminous red galaxies
(LRGs) in the DESI Legacy Survey [11, 15], both in auto- and cross-correlation, as well as
the cross-correlation between CMB lensing and the Cosmic Infrared Background [13]. Our
analysis gives the tightest constraints to date on fyi, from CMB lensing cross-correlations,
and from projected datasets overall. Using the three-dimensional clustering of quasars allows
for tighter constraints on fnr,, however. In particular, although the precision obtained in this
analysis is similar to that achieved by early analyses of quasar clustering in the extended
Baryon Oscillation Spectroscopic Survey (eBOSS) [10, 67], the uncertainties on fyy, obtained
here are between 15% and 50% larger than those found using the latest eBOSS quasar
data [12, 68] with optimized redshift-dependent weights, or the combination of LRG and
quasar clustering from the first data release of the Dark Energy Spectroscopic Instrument [16].
Nevertheless, the CMB lensing cross-correlation analysis offers the key advantage of being less
sensitive to the impact of residual large-scale sky contamination, and Quaia is an independent
sample that complements the measurements from these data sets.

Although the large angular scales of Quaia are easier to model compared to ground-based
data sets, modes £ < 15 in the projected QSO distribution are still affected by systematics.
We carried out a forecast with our likelihood pipeline to assess the impact of systematics
in our final statistical uncertainties. For this purpose, we replaced our measured data with
theoretical predictions based on a cosmological model with fy;, = 0, and considered two
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Figure 14. Constraints on fnr, at 68% C.L. found in this work in comparison with recent bounds from
other groups in the literature [10-13, 15, 16, 67-69]. Black, red, and blue error bars show constraints
found from the combination of C7? and C7", from C7" alone, and from the three-dimensional clustering
of galaxies, respectively. The green error bars show the constraints found from the cross-correlation of
CIB maps and CMB lensing [13] and the magenta one from C7? alone. Unless stated the constraints
used samples of QSOs.

cases: first, we used the same covariance of the data, and secondly, a modified covariance
that includes only contributions of signal and shot noise at all scales. We found that given
the assumed scale cuts, the derived marginalized error bar on fn, is consistent in both cases.
This shows that our constraints (which are driven by the sources at z 2 1.5) are at present
limited by the shot noise in Quaia, the Planck lensing noise, and by the choice of the scale
cuts rather than the additional error induced by systematics. Conversely, for the 1-bin case
(and for the analysis of the low-z bin) systematics limit more significantly the results. We also
verified that improvements expected from the addition from the cross-correlation between
the two tomographic redshift bins should be around 7%, in the ballpark of what we saw

in the data. If Quaia can be improved in future work or using future Gaia data releases,
99

and therefore a lower (9% can be included in the analysis, the variance of C7" would be
consequently reduced and the constraining power if C7? would increase. In this scenario,
/L could be constrained with a precision o(fnr,) &~ 9.5 for a tomographic analysis with 2
redshift bins and ¢%% = 2 combining CJ" and C7Y. Using C¥? alone would give o(fx1,) =~ 11.5
and would become the most constraining observable, with the Planck CMB lensing noise as
limiting factor. Using CMB lensing from upcoming deep CMB polarization surveys covering
large sky fractions such as Simons Observatory [70, 71] will allow to overcome this limitation,

as shown recently for the case of ACT [72].

We also note that the analysis presented here could be improved in a number of ways,
all of which could lead to a significant increase in the constraining power of the Quaia
dataset. Firstly, we have not attempted to derive and apply redshift-dependent weights for
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the Quaia sources that would maximise the sensitivity to fnr,. The use of optimal weights
has been shown to lead to very significant improvements in 3D analyses [10, 68], and similar
approaches have been advanced for projected data [73, 74]. Secondly, although the precision
of the spectro-photometric redshifts in Quaia should prevent a detailed measurement of the
small-scale clustering along the line of sight, it should be sufficient to recover long-wavelength
radial modes carrying additional information about PNG. More quantitatively, the mean
normalised error in Quaia is approximately o, /(1 + z) ~ 0.06. Translating this into a radial
wavenumber as kj yax = 7 H(2)/02, k|| max Tanges between ~ 0.01 Mpc! and 0.016 Mpc ™!
across the redshift range covered by Quaia. Although this is not enough to resolve the radial
BAO, it should allow Quaia to constrain the clustering of quasars on horizon-sized radial
scales over which PNG plays a significant role. Finally, we could further constrain PNG by
including information from higher-order statistics, namely the galaxy bispectrum [68, 75-78].
Deploying efficient estimators of the projected bispectrum [79], targeting both the quasar
auto-correlation and cross-correlations with CMB lensing, could therefore allow us to sharpen
the constraints presented here using Quaia.
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A QML results and consistency with PCL pipeline

In figure 6 we show that the measurements of the angular power spectrum derived from
the QML and PCL pipeline show a very good level of agreement despite implementing
very different approaches to remove systematics and to estimate the data points and their
covariance. As the PCL pipeline is numerically less costly and more easily adaptable, we
use it to carry out the tomographic analysis reported in the main text. Before doing so, we
performed several tests to assess the level of consistency on the estimated fyi, in the case
of a single tomographic redshift bin across both pipeline.

In the upper panel of figure 15 we show a detailed comparison of the same analysis setups
considered in figure 12 and table 1. As it can be seen both the QML and PCL pipeline give
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Figure 15. Top: fn1, constraints from a single tomographic bin analysis of Quaia derived with the
QML pipeline compared to the results obtained with the PCL pipeline for common analysis setups of
the G < 20.5 sample of figure 12. The results show excellent agreement both in terms of central value
and error bars. Bottom: additional consistency tests on fyi, constraints ran for the QML pipeline
mostly focus on stability with respect to changes in analysis mask, CMB lensing map or catalog
definition. For both top and bottom panel, the shared error bars indicate the 95% confidence level
errors after marginalization over the QSO bias amplitude.

very consistent results. The differences in the estimated value of fn1, are negligible. The
QML pipeline shows a slightly larger error bar of the order of 10% or less, consistent with the
difference in the number of realizations employed to estimate the measurements’ covariances in
the two pipelines. As the QML pipeline also models the noise properties of the measurements
using more realistic simulations, these results also prove that the data-based approach used
to model the covariance in the PCL pipeline is sufficiently accurate to capture the error of
the measurements. The only minor differences across pipeline can be seen when we relax the
scale cuts used for C7Y and include larger angular scales where the systematics subtraction is
very different. However, even in this case, the shifts in the estimated fyr, amounts to < 0.50.

The lower panel of figure 6 here shows the stability of the fni, estimates of the QML
with respect to the change of catalog (using only the brightest G < 20 QSOs), systematics
templates as well as CMB lensing reconstruction method. Specifically we tested that removing
the Zodiacal light template from the list of systematics templates that are marginalized
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over, does not lead to a noticeable difference in the results. For the mask variations we
considered the official Planck galactic masks that retain the 60% (PL60) and 40% (PL40)
of the sky available on the Planck legacy archive. To this we considered an extra mask
obtained thresholding the brightest pixels of the Planck 353 GHz map to retain 50% of
the sky (PL50) as well a mask including sky locations where the Quaia selection function
exceeds 60%. This roughly retains a 40% sky fraction. Finally we also considered additional
variations of the Planck PR4 CMB lensing estimation compared those in section 4. In
particular, we included CMB lensing maps derived using the minimum variance combination
(MV) that treats suboptimally the CMB noise inhomogeneity [86], using CMB polarization
data only, or correlating CMB temperature and E-mode polarization only (TE). We also
included CMB lensing maps reconstructed using CMB temperature data only (TT) with and
without specific extragalactic foreground mitigation techniques such as bias hardening (BH)
against point source emission, or deprojection of the SZ effect in the component separation
step prior to lensing reconstruction. All these variation of lensing reconstruction and related
simulation (that we used for the covariance estimation) are publicly available.” For all these
cases we found shifts in the parameter within fractions of the error. The polarization only
reconstruction experiences larger shifts, however the CMB lensing map is considerably noisier
and the final error on fyr, is 50% larger. As such it is not statistically significant. Because
we applied the different galactic masks on top of the mask used for the fiducial analysis (and
therefore the data sets are effectively nested), we tested the consistency of the parameters
using the criteria outlined in [87], and found no indication of anomalies. We also found that
using data for which no systematics marginalization is done, led to minor changes in the
results, showing the robustness of our scale cuts and lack of systematics in C7" that drives the
constraints. For the cases considered here, the estimated value of fyt, is also consistent with 0
at ~ 20 level (95% C.L.). All the results of the tests we considered are summarized in table 2.

"https://data.cmb-s4.org/planck pr4.html.
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Analysis setting | fnL Ay X%/Ngot | PTE
Fiducial —48.67332 | 1.02+0.04 | 54.3/55 | 0.50
p=16 ~71.37317 1 1.03 £ 0.04 | 50.1/55 | 0.66
No CY? —56.07202 | 1.00+0.05 | 24.6/30 | 0.74
No C{" —45.8%568 1 1,034 0.06 | 23.2/23 | 0.45
G <20 —32.37282 1 1,05+ 0.06 | 43.2/55 | 0.87
099 =10 —78.27218 11,044 0.04 | 61.6/58 | 0.35
o =4 ~53.97373 1 1.024+0.04 | 54.3/54 | 0.46
or =10 —52.4%329 1 1.0240.05 | 53.8/51 | 0.37
No deproj. —31.97271 | 1.01+0.04 | 58.2/55 | 0.36
Femax = 0.1 —48.27354 | 1.01 £0.04 | 69.0/65 | 0.34
With RSD —48.97352 1 1.024+0.04 | 54.3/55 | 0.50
With mag. —50.27358 1 1.01 £ 0.04 | 54.4/55 | 0.50
P24 b(z) —66.67206 1 0.9340.04 | 55.5/55 | 0.46
No TT ~33.77325 | 1.0440.05 | 47.3/55 | 0.76
No TT No C¥9 | —38.17338 | 1.01 +£0.08 | 19.5/30 | 0.93
TT —40.77335 1 1.00 £ 0.05 | 49.5/55 | 0.68
TTBH —34.173%% 1 0.99 +0.05 | 49.3/55 | 0.69
TT SZ deproj. | —47.773%5 | 1.00 £ 0.05 | 50.6/55 | 0.64
TE —56.0737-2 | 1.0340.05 | 46.0/55 | 0.80
Pol. only —4.9406 11024 0.05 | 43.3/55 | 0.87
MV —54.57212 1 1.0240.04 | 49.2/55 | 0.69
PL60 —35.37202 | 1.00 +£0.04 | 52.7/55 | 0.56
PL50 —39.4721-6 10,98+ 0.04 | 56.5/55 | 0.42
PL40 —44.9725-1 10.994+0.05 | 46.8/55 | 0.78
Sel. func. > 0.6 | —29.2730-5 1 0.99 4 0.04 | 60.1/55 | 0.30
No Zodi. light | —44.7%359 | 1.02+0.04 | 54.4/55 | 0.50

Table 2. Constraints on the model parameters obtained with the QML pipeline for the benchmark
case of a single tomographic redshift bin as in table 1. Results are shown for our fiducial analysis (first
row), as well as all other variations used to explore the stability of our results to different analysis
choices and potential systematics. Error bars are 68% C.L. values.
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