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Abstract

Weak lensing cosmology and its astrophysical systematics through machine learning

Tianhuan Lu

In this dissertation, we investigate weak lensing cosmology and its astrophysical systematics
by employing machine learning techniques. We focus on addressing the discrepancy between two
previous weak lensing analyses on CFHTLenS data, understanding the impact of baryons on
weak lensing statistics, and leveraging convolutional neural networks (CNNs) for constraining
cosmological and baryonic parameters.

First, we perform a side-by-side comparison of the two-point correlation function and power
spectrum analyses on CFHTLenS data, identifying excess power in the data on small scales and
discussing potential origins of this excess power. Next, we study the effect of baryons on weak
lensing statistics using the baryonic correction model, demonstrating that marginalizing over
baryonic parameters will degrade constraints in the y,—Fg parameter space, but the degradation
can be mitigated by combining the lensing power spectrum and peak counts.

Second, we explore the use of CNNs to constrain cosmological and baryonic parameters. We
find that CNN’s can achieve tighter constraints in y—¥Fg space than traditional methods on
simulation data. We then apply our pipeline to the HSC first-year weak lensing shear catalog. We
find that statistical uncertainties of the parameters by the CNNs are smaller than those from the
power spectrum and peak counts, showing that CNNs can extract additional cosmological

information from weak lensing data even in a real experiment.
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Chapter 1: Introduction

1.1 Weak lensing basics

According to general relativity, when the light from a distant galaxy passes through the space-
time in our Universe and reaches us, it will be de ected by the inhomogeneous matter distribution
in between. As a result, the shape of galaxy we see will be different from its original shape. This
phenomenon is called weak gravitational lensing (or weak lensing, WL), wieaikrefers to the
distortions being very small (1%in ellipticities) for the vast majority of the galaxies. The distor-
tions of nearby galaxies are similar, because the light from nearby galaxies passes through nearby
parts of the foreground structure. This characteristic allows us to retrieve the small WL signal
from a group of nearby galaxies, despite each of them having their own random intrinsic shape
(often calledshape noisg One of the applications of WL is to study the large-scale structure of
our Universe, such as inferring the cosmological model and its parameters. For example, recent
analyses of WL sky survey data have revealed th80% of the energy density in our Universe
is in the form of matter (dark matter and baryons), and the estimated root-mean-square uctuation
of the matter density appears to be smaller than the results by the cosmic microwave background
(CMB) by 2f , which is an active area of cosmological research.

From the perspective of observation, the distortion of a galaxy image caused by WL can be ex-

pressed as a linear transformation between its original coordifatesand the lensed coordinates
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whereW= 1W-W? is referred to as the lensing shear, which describes how the galaxy is stretched

(without changing its size)) is referred to as the lensing convergence, which describes how the



galaxy is magni ed or demagni ed, and is called the distortion matrix. BotitWand” depends
on the angular positiop on the sky and redshiftof the galaxy.

From the perspective of simulating WL signals, we may derive the distortion from the mass
distribution in the universe, which can be approximated by a large number of thin two-dimensional

lenses perpendicular to the line of sight, with the surface density of each being
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where ¢ denotes the Hubble constant, the matter density parametgrthe comoving distance,
j the thickness of the len8,= 11, 1° ! the scale factor the tangential coordinates, aktk— P

the density contrast. The two-dimensional lensing potential is related to the surface density by
r 2qix—P = 2f ix—P— (1.3)

and the light from a galaxy follows
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With Vgtl® = GtI°¢j 11° being the angular position of the light, the distortion matriXrom

tracing these light rays is
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The same distortion matrix calculated in the previous two paragraphs connects simulations to
observations. Speci cally, we can generate mock WL signélar(d”) from # -body simulations
and compare them with the real WL signals estimated from observational data. In pré¢tice,

are rst estimated with galaxy ellipticities, antlare then calculated using the Kaiser—Squires

inversion:
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where™ ° andW ° denote the Fourier transform 6f) © andW) °© respectively, and the multi-

pole.

1.2 Weak lensing sky surveys

The methodology and the rst observational evidence of WL can be traced back to the late
20th century (Tyson, Valdes, and Wenk 1990; Kaiser and Squires 1993a; Brainerd, Blandford,
and Smail 1996), and a few observations of the WL signals by the large scale structure are rst
reported in 2000 (Van Waerbeke et al. 2000; Bacon, Refregier, and Ellis 2000; Wittman et al.
2000). Since then, WL sky surveys with larger and larger sky coverage and depth (the number
density of galaxies) has been carried out or planned. WL surveys can be vaguely divided into four
generations, called “Stage I” to “Stage IV”. The Stage | surveys were relatively small and provided
initial proof of concept for weak lensing measurements, like the Canada—France—Hawaii Telescope
Lensing Survey (CFHTLenS; Heymans et al. 2012). The Stage Il surveys covered larger sky areas
and improved the quality of data and analysis techniques, like the Kilo-Degree Survey (KiDS; Jong
etal. 2013). The Stage Il surveys are covering even larger sky areas with higher depth, focusing on
better controlling the systematic errors and improving the cosmological constraints, like the Dark
Energy Survey (DES; Abbott et al. 2016) and the Hyper Suprime-Cam Subaru Strategic Program
(HSC SSP; Aihara et al. 2018b). The Stage IV surveys have been planned to cover vast areas of
the sky with even higher depth, aiming to provide transformative insights into the nature of dark
matter and dark energy, like the Large Synoptic Survey Telescope (LSSTE kteal. 2019), the
Nancy Grace Roman Space Telescope (Spergel et al. 2015), and Euclid (Laureijs et al. 2011). The
basic information of those past, ongoing, and planned surveys are listed in Table 1.1. My work

focuses on the data from CFHTLenS and HSC SSP.

1.3 Systematic effects in weak lensing signals

An accurate cosmological analysis with WL data relies on the understanding and modeling of

systematic effects. In this section, | list a few of the systematic effects that affect cosmological
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Survey Areaded) Depth gakarcmirf) Current state

CFHTLenS 154 14 Completed
KiDS 1350 9 Ongoing
DES 5000 6 Ongoing
HSC SSP 1500 17 Ongoing
Euclid Space Mission 15000 30 Planned
LSST 18000 30 Planned
Roman Space Telescope 2200 50 Planned

Table 1.1: Past, ongoing, and planned WL surveys

Figure 1.1: The process of how the light from a galaxy/star propagates through the Universe and
get its image taking by the telescope. Credit: Mandelbaum et al. (2014).
analyses the most, which need to be addressed in all ongoing and future surveys to achieve reliable

results.

1.3.1 Point spread function

The point spread function (PSF) describes the shape of a point source observed through an
optical system. For ground-based telescopes, the turbulence in the atmosphere can also be con-
sidered as part of the optical system and contaminates the shapes. Hence, the image of a galaxy
captured by the telescope is the lensed galaxy shape convolved with the PSF, introducing blurring
and distortion. In Figure 1.1, we show the illustration of how the shape of a galaxy reaches us.

The PSF can affect WL analyses in two ways. First, the measurement of the shape (typically

the ellipticity and size) of a galaxy depends on an accurate correction of the PSF, which is a non



trivial task. Some examples of the shape measurement algorithms include KSB (Kaiser, Squires,
and Broadhurst 1995), BJ02 (Bernstein and Jarvis 2002), GALFIT (Peng et al. 2002), and re-
Gaussianization (Hirata and Seljak 2003). It is worth noting that our goal is the cosmic shear
signal, not the shape of the individual galaxies; the latter is not well-de ned due to the complexity
of the galaxy morphology. Therefore, it is common that the measurements are calibrated through
galaxy image simulations to ensure their quality, which can be characterized by a multiplicative
bias and an additive bids.These biases will be used in later stages of the analysis pipeline to
mitigate the in uence of the PSF.

Second, the estimation of the PSF itself can introduce systematic errors. Since the PSF is a
function of position in an exposure, the shape of the PSF at the position of a galaxy can only be
estimated from the nearby stars, which are considered to be point sources, and this estimation is
also a non-trivial task. The number density of stars is usually much lower than that of galaxies.
As a result, the shear—shear correlation between nearby galaxies is biased because we cannot infer
the variability of the PSF on small scales. This PSF interpolation bias is usually measured using a

reserved sample of stars, and correction can be made in later stages of the pipeline.

1.3.2 Photometric redshift

If we want to nd out the redshift of a single galaxy, we can measure the spectrum of its light
and infer the redshift by studying the spectral features. But if we have tens or hundreds of millions
of galaxies, it is not feasible to measure the spectrum of each of them to get their redshifts. An
alternative approach is to calculate thgirotometric redshiftéor photo4) by comparing their ux
measurements in a smaller number of photometric bands, where each band corresponds to a range
of wavelengths.

There two main categories of photalgorithms: (1) the template- tting methods estimate the
redshift by comparing the observed color to a set of galaxy's spectral energy distribution templates,

and (2) the machine learning methods estimate the redshift by training a model using a sample of

1The PSF correction is not the only source of multiplicative and additive biases. Other effects, like the selection
bias, can also contribute to multiplicative and additive biases.



galaxies that have spectroscopic data. Both categories have their own strengths weaknesses. The
template- tting methods depends on the quality and completeness of the spectral energy template
library, which may not cover all possible galaxy types. The machine learning methods depends on
the quality and representativeness of the training set, which usually comes from a biased galaxy
sample (having different sky coverage and redshift distribution than the WL survey), making the
predictions unreliable in some cases. In addition to these two methods, another technique that
has been widely used recently is clustering redshifts, where we estimate the redshifts by cross-
correlating the clustering of a galaxy sample with unknown redshifts and the clustering of another
with known redshifts. In practice, the biases and errors in phastimations can be measured

using a reserved sample of galaxies, and they are addressed by some additional parameters that can

shift the overall redshift distribution.

1.3.3 Intrinsic alignments

Inferring the signal of WL from the large-scale structure by simply correlating the measured
ellipticities of the galaxies implicitly assumes that the intrinsic shape of a galaxy is not correlated
with the intrinsic shapes of other galaxies and also the large-scale structure. However, both as-
sumptions are wrong to some degree, and those intrinsic correlations are referred iotasithe
alignment The intrinsic alignment between the galaxies can affect the WL signal in two ways: (1)
galaxies that are physically near to each other tends to have similar intrinsic ellipticity due to the
gravitational tidal eld (the so-called “II” term), contributing to a positive correlation, and (2) a
background galaxy is lensed by a foreground large-scale structure that holds another galaxy, whose
intrinsic ellipticity is negatively correlated with the direction of the cosmic shear of the rst galaxy
(the “GI” term). The second one is prominent especially in tomographic WL analyses, where the
cross correlation between the galaxies in two redshift bins (one as the foreground and another as
the background) is calculated as an example.

The non-linear alignment model (NLA; Hirata and Seljak 2004; Bridle and King 2007) is com-

monly used in recent WL analyses to describe the intrinsic alignment effects due to its simplicity.



The NLA model assumes that the intrinsic alignment is primarily driven by the local tidal eld

generated by the large-scale distribution of dark matter. However, it is important to note that the
NLA model is a phenomenological model and does not provide a detailed physical explanation of
the mechanisms responsible for the intrinsic alignment. When the NLA model is used in WL stud-
ies, there is usually a parameter that adjust the overall strength of the intrinsic alignment, which

can be constrainted along with other cosmological parameters.

1.3.4 Baryonic effects

Most of the simulation-based WL analyses pipeline relies on dark matter#otilgdy cos-
mological simulations, and those simulations ignore differences in the dynamics between the dark
matter and baryons. Even though the baryons affect the matter distribution only on small physical
scales (around the size of a dark matter halo), the effect can be prominent in the WL signal when
it is very close to the observer. And as the WL surveys are getting larger and deeper, the ability
in constraining cosmological parameters are approaching the percent level, which makes baryonic
effects even less negligible.

There are typically three methods to model the baryonic effects in WL analyses. First, we can
replace dark matter-only simulations with hydrodynamical simulation, where the dynamics of the
baryons and the dark matter are simulated simultaneously. The primary drawbacks of this method
originate from its large computational cost, which makes generating a large simulation suite with
many cosmologies or a variety of baryonic physics virtually impossible. Second, we can quantify
how baryonic physics affects the matter power spectrum and thus infer its modi cation on the
power spectrum of the WL signal. This approach is versatile in term of modeling various baryonic
physics, but the disadvantage is that when some new summary statistics are used to describe the
WL signal, it is not easy to calculate the affect of baryons in each of the cases. For this reason,
it is commonly used only in the WL analyses that involve the two-point correlation function or
the power spectrum. The last approach is to use the so-called baryonic correction model (BCM;

Schneider and Teyssier 2015; Arico et al. 2020). The BCM assumes that the baryonic physics



affect the matter distribution on a halo-by-halo basis, whose pro le can be determined by the
halo characteristics (e.g. mass and redshift) and abf@wonic parametersin practice, we can

adjust the mass distribution in each of the halos from dark matter-only simulations according to the
BCM. This approach keeps a balance between the computational cost and the expressiveness—it is
computationally cheap because théody simulations do not involve baryons, and it can quantify

the baryonic effects in arbitrary summary statistics. But | note that although Schneider and Teyssier
(2015) and Arico et al. (2020) have shown that the BCM can reproduce the matter power spectra
of several hydrodynamical simulations, whether it can emulate the non-Gaussian distribution of

matter on small physical scales remains to be tested.

1.4 Constraining cosmology from weak lensing

1.4.1 Commonly used summary statistics

A WL survey can produce a shape catalog that contains tens of millions of galaxies. But |
note that the shape of each individual galaxy cannot reveal the characteristics of the large scale
structure—only a large group of galaxies can provide the information collectively. Therefore,
researchers almost always study the WL signal from the large scale structure by applying some
summary statisticavhich summarize a large number of shape measurements into just a few num-
bers.

One the most commonly used summary statistics is the two-point correlation function (2PCF;

Schneider et al. 2002) de ned by
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where\ =j)g ) g is the angular separation between two galaxdes4 the tangential and cross
components of the galaxy ellipticity, artek the weight of galaxyB(the weights are assigned to
reduce the impact of noise and systematic errors). The summation is often taken over all pairs of

galaxies within some prede nédbins, an example of which is shown in Figure 1.2. The intuition



Figure 1.2: The auto and cross two-point correlation functibn®(ly) measured from HSC Year
1 data. Both the observation (OBBSF) and the theoretical prediction from the best- t model
(GG, GlI, Il) are shown. Credit: Hamana et al. (2020)



behind the 2PCF is that the shape correlation between the galaxies decreases as their separation
increases, and this relationship re ects the properties of the large-scale structure. Another summary
statistic is the convergence)(power spectrum, which is the Fourier counterpart of the 2PCF and
is closely related to the three-dimensional matter power spectrum of the Universe.

The 2PCF and power spectrum are b&haussian statisticaneaning that they would be op-
timal summary statistics if the WL shear eld were a Gaussian random eld (GRF). The reality
is that we nd the WL shear eld to be clearly non-Gaussian on small scales (less than a few
arcmin) doe to non-linear structures. With the goal of extracting potentially more information,
many non-Gaussian summary statistics are proposed and used in WL analyses: three-point cor-
relation functions describe the joint probability of nding triplets of galaxies with speci ¢ shapes
and angular separations; peak statistics count the heights of local maxima in the convergence eld,
which can be sensitive to the clustering of dark matter; and Minkowski functionals focuses on the

geometric quantities that describe the topology of the lensing eld.

1.4.2 Cosmological inference

Given that we have a shape catalog from a WL survey and calculate a summary statistic
with it, how can we infer the cosmological parameters of our Universe? One of the solutions
is to rst calculate the same summary statisgig © with a few simulated universes (generated
from various cosmological parametgrs and then comparng, with they?) °. Formally, assuming
that the summary statistic from a particular cosmological simulation follows a multivariate normal
distribution with the meary!) © and the covarianc€?) °, the likelihood of observingo given

cosmological parametejsis

. 1 1
2yj)e=p exp Slyo y)OTCHO Ty y)o - (L8)
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where 3 is the dimension of the summary statistits;,, the number of simulated realizations,
#) the number of cosmological parameters. The pre-factor in Equation (1.9) is the Anderson-
Hartlap correction factor (Hartlap, Simon, and Schneider 2007) that makes the precision matrix

C 1 unbiased. The posterior distribution of the cosmological parameters is then

?1) Jy° = ?hyj)° ?h) °- (1.10)

where ?1) ° is the prior distribution. Among the cosmological parameters in ti®M model,

m andf g (or their combinatior(g ! mn*03°%°f g) are of the greatest interest in most of the
WL studies. Figure 1.3 shows the cosmological constraints from some of the recent WL surveys,
where one can nd that those constraints are all centered arpsi0e75, while the constraint by
the CMB (Planck 2018; Aghanim et al. 2020) is marginally higher, which is often referred to as

the “(g tension”.

1.5 The application of deep learning

Using deep learning to accomplish our task of estimating the underlying cosmological parame-
ters from complicated WL signals has gained a lot of popularity in recent years. Its implementation
with deep neural networks, especially convolutional neural networks (CNNs), can potentially ex-
tract the information from all scales effectively. In this section, | will introduce the basic ideas in

deep learning and show how it can be used to constrain parameters.

1.5.1 Deep learning basics

Deep learning is a sub eld of machine learning that focuses on using deep neural networks to
model and learn complex patterns and representations in data, where “deep” refers to the fact that
the neural networks have multiple layers. Here, | use a concrete example to introduce the main
ideas of deep learning.

Consider the problem of categorizing hand-written digits in the MNIST databases (Modi ed

11



Figure 1.3: The cosmological constraints from some of the recent WL surveys using the 2PCF
(Asgari et al. 2021; Abbott et al. 2022; Li et al. 2023), along with the constraints from the CMB
(Planck 2018; Aghanim et al. 2020). Credit: Li et al. (2023)
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National Institute of Standards and Technology database; Deng 2012), where each inputd8 a 28
grayscale image (784 pixels) and the output is 10 numbers indicating how likely the image shows
the digit O to 9 respectively. What we need now is essentially a functidhat maps from all
possiblex = 'E—b— —Egftoy = 1?2—1—- —7° The function may have a lot of free
parameters that we need to adjust to achieve the best accuracy, which is the pracassgf

One of the simplest form of this function is a multi-layer perception (MLP)—the function takes

the following form for example:

leO = 5ll @1 521 ileOOO_ (111)

5x° = tanitWex , b°— (1.12)

where the weight8Vgis a matrix of size#g 1 #g the biasedga vector of size#g and we can
choose#g = 784-# = #, = #3 = 400-# = 102 Each is usually called a layer, and the
weightsWgand biasebgare free parameters.

The training process starts with choosingss functiorthat measures how close the prediction
is to the correct answer. Suppose that the correct answemie may choose the following loss
function: .

1O
I1yo = —  1h Xg.0%— (1.13)

10 o,

whereXg. is the Kronecker delta functio{: = 1 when8= : otherwise0). With this loss function,
if the correct answer is 3, thgn= 10-0-0-1-0-0-0-0-0-0° will achieve the minimum loss of 0.
Next, we can use gradient descent (GD) to nd the weights and biases that minimize the average

loss of all training samples. It is an iterative process, where in each step for a paremeter

m i

Fg Fg o (1.14)

The losshl i can be averaged over all training samples or a subset of theny isredhyperparam-

2More generally, we are free to choose the numbegahd the values afgl 8 = 1°,. They are considered
to be the hyperparameters.
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eter called the learning rate.

In term of handling image data like MNIST and our WL convergence elds, a special layer
design called the convolution layer often achieves better accuracy, and a network consisting of
convolution layers is called a convolutional neural network (CNN). A convolution layer convolves
the input image by a smakiernel it exploits the fact that features in the images can be transla-
tionally invariant, so a kernel that slides over the image can extract those features while greatly

reducing the number of free parameters.

1.5.2 Deep learning as a summary statistic

Applying deep learning to cosmological parameter inference starts with generating training
samples. When we have a suitetbfbody simulations, we can simulate multiple realizations of
the WL convergence eld (in the form of images) and associate them with the underlying true cos-
mological parameters. Then we can train a deep learning model that can predict the cosmological
parameters from the images.

The problem arises when we apply our trained model to the image calculated from the real
data—once we get a set of cosmological parameter values, how can we know whether the values are
accurate, and what are their uncertainties? The solution is to view the output from the trained model
as a summary statistic, instead of the values of cosmological parameters, which is adopted in some
previous studies, like Ribli et al. (2019) and Fluri et al. (2019). Similar to the process of getting
y1) ° andC?) ° for the 2PCF, we generate a set of test samples #ebody simulations, apply
the trained network to them to get the outputs, and calcyigté andC?t) °. The cosmological

inference using neural networks is done in the same way as any other summary statistic.

1.6 Structure of dissertation

Chapter 2 to Chapter 6 of this dissertation are organized as follows.
In Chapter 2, we look into the problem that two previous WL analyses on the CFHTLenS

data, Kilbinger et al. (2013) and Liu et al. (2015), give two constraints that differ bif
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(fgl me0279° = 079 003 andf gl me027°%%% = 087 79°). We investigate the origin

of this difference, by performing a fair side-by-side comparison of the 2PCF and power spectrum
analyses on CFHTLenS data. We nd that these two statistics indeed deliver different results, even
when applied to the same data in an otherwise identical procedure. We identify excess power in
the data on small scales (multipolg 5000 driving the larger values inferred from the power
spectrum and speculate on the possible origin of this excess small-scale power by considering a
few systematic effects. This chapter has been published as Lu and Haiman (2019).

In Chapter 3, we study how baryons affect WL statistics by adopting the baryonic correction
model (BCM) that is originally proposed by Schneider and Teyssier (2015) and revised by Arico
et al. (2020). We use this model to incorporate baryons into a large suite of DM-only N-body
simulations, covering a grid of 75 cosmologies in thg—f g parameter space. We investigate
the effects on Gaussian and non-Gaussian weak lensing statistics and the cosmological parameter
inferences from these statistics. Our results show that marginalizing over baryonic parameters
degrades the constraints in,—f g space by a factor of 2-5 compared to those with baryonic
parameters xed. We also nd that combining the lensing power spectrum and peak counts can
break the degeneracy between cosmological and baryonic parameters and mitigate the impact of
the uncertainty in baryonic physics. This chapter has been published as Lu and Haiman (2021).

In Chapter 4, we adopt the same BCM to generate the WL convergence maps and explore
the possibility of using convolutional neural networks (CNNSs) to constrain cosmological baryonic
parameters. We nd that in a HSC-like survey, our CNN achieves a fighter constraint in ,—

f g space {f area) than the power spectrum and 2tighter than the peak counts, showing that
the CNN can ef ciently extract non-Gaussian cosmological information even while marginalizing
over baryonic effects. This chapter has been published as Lu, Haiman, and Zorrilla Matilla (2022).

In Chapter 5, we apply the pipeline from the previous studies to HSC rst-year weak lensing
shear catalog, featuring both the BCM and the usage of CNNs. The pipeline can generate simulated
convergence maps from cosmologi¢albody simulations, where we account for effects such as

intrinsic alignments (IAs), baryons, photometric redshift errors, and point spread function errors, to
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match characteristics of the real catalog. We train CNNs that can predict the underlying parameters
from the simulated maps, and we use them to construct likelihood functions for Bayesian analyses.
We nd that statistical uncertainties of the parameters by the CNNs are smaller than those from
the power spectrum (5—-24 percent smaller(fpand a factor of 2.5-3.0 smaller fory,), showing
the effectiveness of CNNs for uncovering additional cosmological information from the HSC data.
This chapter has been published as Lu, Haiman, and Li (2023).

In Chapter 6, | summarize the conclusions found by each of the studies and envision the work

that can be done in the future.
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Chapter 2: The matter uctuation amplitude inferred from the weak lensing

power spectrum and correlation function in CFHTLenS data

2.1 Introduction

Weak gravitational lensing (WL) is a promising probe of the mass distribution in the Uni-
verse, via observations of correlated distortions in the shapes of background galaxies (e.g. Bartel-
mann and Schneider 2001a; Refregier 2003a; Hoekstra and Jain 2008a; Kilbinger 2015). Weak
lensing has also matured as a method to measure the parameters of the backgcolohdark
matter ( CDM) cosmological model. Several recent WL surveys have yielded competitive con-
straints on cosmological parameters, including the Canada-France-Hawaii Telescope Lensing Sur-
vey (CFHTLenS; Heymans et al. (2012) and Kilbinger et al. (2013)), the Kilo-Degree Survey
(KiDS; Kuijken et al. (2015), Hildebrandt et al. (2016), and Kéhlinger et al. (2017)), the Dark En-
ergy Survey (DES; Abbott et al. (2016) and Troxel et al. (2018)), and the Subaru Hyper Suprime-
Cam (HSC,; Aihara et al. (2018b), Aihara et al. (2018a), and Hikage et al. (2019)) survey.

As the size and depth of weak lensing surveys have increased, a moderate tension has emerged
on parameter constraints, especially on the matter density uctuation ampligitetween the re-
sults from weak lensing and from the cosmic microwave background (CMB). Speci cally, Planck
2018 (Aghanim et al. 2020), based on the CMB, inferred the joint constraihg @md the matter
density m, g fg! me0:3°Y = 0:83 001 for U = 05 (or equivalentlyf g? e0:27°96 =
089 001). Kilbinger et al. (2013), based on WL data in CFHTLenS, fofigdl e 027096 =
079 003, which is lower than the Planck value by3f (note: all error-bars correspond to 68%
con dence). Similar discrepancies have been identi ed between other WL surveys (e.g. Hilde-
brandt et al. 2016; Kohlinger et al. 2017; Hikage et al. 2019), and Planck's earlier results (Ade
et al. 2016).
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An exception to this trend is the analysis of the CFHTLenS lensing data by Liu et al. (2015,
hereafter L15), who have found a higher uctuation amplitude, close to the Planck value. L15
performed a set oft -body simulations on a grid of 91 cosmological models with a rangegf
f g, andF values (wherd- is the equation of state parameter for dark energy), and replicated the
sky positions, redshifts, and shape noise afmillion galaxies from the public CFHTLenS data.

They t the simulations to the observed data using two different statistics: the convergence power
spectrum, and the abundance of lensing peaks (de ned as local maxima on the convergence maps).
They inferredf g e 0:27°%% = 087 295 and0+84 932 respectively, from these statistics.

These results are especially interesting, because Kilbinger et al. (2013) and L15 are based on
the same WL survey and use a similar pipeline for parameter estimation, but their constraints differ
atthe 2f signi cance. We also note that Kilbinger et al. (2013) used a different statistic — the two-
point correlation function (2PCF) of the WL shear — which could cause a discrepancy. These two
statistics have yielded different values in the KiDS data, with Hildebrandt et al. (2016) nding
fgl me0e3°0° = 0745 04039 using the 2PCF, and Kéhlinger et al. (2017) nding tlosver
valuef gt 1,#0:3°9° = 0651 0058 using the power spectrum.

In this paper, we focus on the difference between power spectrum and 2PCF, and explore the
reasons for the discrepancy op between L15 and other weak lensing works, primarily Kilbinger
etal. (2013). In § 2.2 we summarise salient features of the CFHTLenS data, and how we processed
them. In 8 2.3, we describe our methodology, including the suite of ray-tracing simulations, and
the likelihood analysis using the two different statistics. In 8§ 2.4, we present our results, which
reproduce the previous discrepancy, and then test possible reasons for this discrepancy. We then
discuss our results, and several other possible data-related and physical explanations in § 2.5.

Finally, we summarise our conclusions in § 2.6.
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2.2 Lensing Data

2.2.1 CFHTLenS shear catalogue

The CFHTLenS data covers four separate patches on the sKy, W, consisting of 179
pointings in total, and covering a total survey ared 5 ded. The CFHTLenS Catalogue, which
includes speci cations of all objects identi ed in their data, is publicly available (Erben et al.
2013). In this work, we use the galaxy shear data from the Catalogue, which was constructed with
a pipeline consisting of several steps: (1) extract a galaxy catalogue by SExtractor (Bertin and
Arnouts 1996), (2) estimate photometric redshifts with a Bayesian photmle (Benitez 2000),
and (3) measure galaxy ellipticity valuéd,— 4g, including multiplicative €) and additive 2,)
bias corrections calibrated witbnst (Miller et al. 2013).

Following L15, we Iter the shear catalogue and keep only galaxies in the redshift Gadge
| 1e3and weightF j O (the latter is assigned to each galaxyléyst, based on the signi cance
of its ellipticity measurement), leaving 4«2 million galaxies. We then project and rearrange the
survey area into 13 square sub elds with a sizd Bfded each, for further map generation.

In order to mitigate the impact of systematic errors, Heymans et al. (2012) computed a sys-
tematics test paramet&r for each pointing, and performed a selection based on this parameter.
As a result of this procedure, 129 unique pointings are marked as having passed the systematics
selection, effectively keeping 75%o0f the data ( 32 million galaxies). We include this selection

for our results in 8 2.4, and discuss its impact in § 2.5.1.

2.2.2 Convergence maps

In this section, we describe our steps to prepare convergence maps, on which the power spec-
trum calculations are performed. The lensing convergeMoepresents a distance-weighted pro-
jection of the over-density along the line of sight. It cannot be measured from galaxy shapes
directly, but it can be inferred from the lensing sh&dKaiser and Squires 1993b), which, in turn,

can be estimated from a smoothed galaxy ellipticity eld, using the weak lensing approximation.
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Identifying low galaxy number density regions

Due to bright stars and bad pixels, some part of the survey area is unusable for measuring galaxy
shapes. These regions can be found in the CFHTLenS Catalogue by checking the local galaxy
number density. Following L15, we identify these low number density regions by a criterion of
=gal Y 5arcmin 2 over a smoothing scale @farcmin Liu et al. (2014) found that the magni cation
bias introduced by such a selection process is negligible for CFHTLenS. Among the 13 square
sub elds, this criterion gives a good separation between normal and low-density regions, with

average number densities®forma = 9¢1 arcmin 2 and=io,, = 0¢7 arcmin 2 respectively.

Creating shear maps

In creating shear maps, normal and low-density regions contribute differently, so they are rep-
resented separately. In the normal-density regions, individual galaxies contribute in a discrete
manner. Because galaxies have four properties, we de ne four elds as follows to characterize
them: 5

€}
X1)e= X) )e®Xe- (2.1)
6

X is one off e-c—<—F (2.2)

whereXt © is the Dirac delta functiong = 1! # the indices of individual galaxiegs the two-
component ellipticity< g andcg = f0—2g the multiplicative and additive biaseSg the weight.
Note thatXs in eq. (2.1) represents one of the dimensionless quantities of an individual galaxy,
whereasx?) ° represents a eld with a dimension é$olid anglé 1, inheriting the dimension of
the Dirac delta function.

In the low-density regions, we ignore the contribution from the galaxies and use zero shear
with average weight density in a continuous manner as follows,

% i Zpomar in normal-density regions 2.3)

Flow!) ® =
:B 0- in low-density regions
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wherehFi is the average weight of the galaxies angima = 91 arcmin 2 is the overall number
density of galaxies in normal-density regions. This method is based on the assumption that the low-
density regions have similar densities of galaxies as in normal regions but they are not observed,
and their expected ellipticity is zero.

We calculate shear maps by applying a Gaussian smoothing to the galaxy ellipticity elds with
respect to the weight elds:

1
, 6l ) ®E 1) Q)>el) G ct) (bl/d) 0

1) 0 = —
$ ) y Gl) )(be::L)Q))>:|_> <l) %]/4 ,F|0W1) Q)g (24)
where we use a Gaussian kernel of sdale= 05 arcmin
!
j)J?
, 6Y)°= exp . (2.5)
2c\ 2 22

In L15, the smoothing process was the same except they did not consider the contribution
from low density regions (effectively usdeyt) © = 0). We noticed that doing so lets the shear
estimation in low-density regions be dominated by the shape noise from very few galaxies. As
shown in Figure 2.1, setting oy ) © = 0 leads to high-frequency components near the boundary,
because of the abrupt changes in the number density. This difference between L15 and our work
signi cantly affects the power spectrum on small scales (we discuss the statistical impact of this

effect in more detail in 8§ 2.3.1 below).

Creating convergence maps

The lensing eld can be expressed in terms of the lensing convergeace the complex-

valued lensing she& = W, 8\W These two elds are related to the lensing potential &ld
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Figure 2.1: Example portions of convergence maps generated (a) in this work and (b) by the
method in L15. Regions of low galaxy number density are marked by darker colours. Ignoring
the weights of unobserved galaxies from low-density regions during the smoothing (see eq.(2.4))
causes exceptionally large uctuations near the boundaries on the scale D pixels
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by

ALyo = %r 2k1)°— (2.6)
Whe = %”@11 K_22°— (2.7)
W1 = Kao- (2.8)
where
d?k
k_89 r‘j\g. (29)

Following Kaiser and Squires (1993b), the convergence eld is related to the shear eld in Fourier

space by
12 20w1 o 2 Wl o
_ 1 2 > €12
AL O = f % (2.10)

where™ ° and¥y,! ° denote the Fourier transform 6f) © andW?) ° respectively. The Fourier
transform and its inverse are performed o8k 512 grid for each12 ded square sub eld.
The pixel size 0<4 arcmincorresponds to a multipole of 53-000. A small portion of the

convergence maps created in this work is shown in panel (a) in Figure 2.1 for illustration.

2.2.3 Mock catalogues and maps

In this work, we use the same mock galaxy shear catalogues as L15. We here brie y introduce
the steps of generating these mock catalogues, and refer the reader to L15 for more details.

L15 picked 91 sampling points in a three-dimensional cosmological parameter gpace:

mY1l 3YFYO and0lY fgY 15 where the Latin hypercube sampling (McKay, Beck-

man, and Conover 1979) was used to make the points statistically evenly distributed. They ran one
# -body simulation at each point using a modi ed version of the Gadget-2 code (Springel 2005).
body simulations were performed wii12® dark matter particles in boxes of siz240 *Mpc°®
starting from redshift = 100, with the additional cosmological parameters set to constant values

of = 072 (Hubble constant), , 2 = 000227 (baryon density), ands = 0296 (spectral index of
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scalar perturbations).

L15 used ray-tracing to create mock galaxy shears. At the sky position of each galaxy in the
CFHTLenS Catalogue, they followed a light ray from redshift zero to the estimated galaxy redshift,
and calculated its lensing shear based on the gravitational potential¢ -Bioely simulation box
for each cosmological model was randomly shifted and rotated to create 1,000 pseudo-independent
random realizations.

Note that this procedure places galaxies at their observed locations, uncorrelated with the sim-
ulated eld. In reality, the galaxies will reside in dark matter halos which are correlated with the
nearby density eld, introducing possible biases. However, we expect these biases to be negligible
at the sensitivity of CFHT, given that the density eld at the source plane is only weakly correlated
with structures at the much lower-redshift peak of the lensing kernel (see Liu et al. (2014) for
related discussion).

The lensing she& in the mock catalogue so far contains no noise. Following L15, we rotate
the ellipticity of each individual galaxy in the real CFHTLenS Catalogue by a random angle, and
take this to be the intrinsic ellipticity of that galaxy. This is justi ed by the fact that the r.m.s.
cosmic shear signal contributes only of order 1% of the observed total ellipticity. We nally obtain

the ellipticity in the mock catalogue, using the weak lensing approximation, as

$mock = mock = 11, <°1$ RTi %€ - (2.11)

whereeand< are the ellipticity and multiplicative correction of the real galaRya 2-dimensional
rotation matrix, and a random number drawn from a uniform distributidd c—¢.

After generating the mock shear catalogues, we apply the same method as described in § 2.2.2
for the real data, to generate mock convergence maps. These shear catalogues and convergence
maps are then used to compute correlation functions and power spectra, as we describe in the next

section.
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2.3 Methods

2.3.1 Statistics

We compare two statistics: the 2PCF of the shear, and the power spectrum of the convergence
eld. We compute both statistic in each square sub eld individually, and then take the average
over all sub elds for further estimation. The 2PCFs and the power spectra are both computed over
a nite range of angular scales. We chose the minimum scale tbdvemin( = 21-600) based
on a map pixel size of 0«4 arcmin Considering that the linear angular size of each square eld
is 200 arcminwe chose the maximum scale to@@arcmin( = 360), which is consistent with
L15.

In addition to the average value of both statistic, we make use of 1000 realizations of each
cosmological model to calculate their variance. Hereafter, webuse® and % ° to represent
2PCFs and power spectra, and fige andf o, to represent the uncertainty of the mean values in

terms of their standard deviation.

Two-point correlation function

Following Schneider et al. (2002), the two compondmt8 © andb \° of the 2PCF of the

lensing shear eld are estimated by

|
oF F o4 240) £ 4 1) #4 1) PV
sk o

b 1\0= (2.12)
where\ = j)g ) ¢ is the angular scale, an—4 the tangential and cross components of the
galaxy ellipticity. The summation over all pairs of galaxies are performed witthims evenly
spaced on a logarithmic scale, with the ldvpoundary of theth bin given by\ g = 1+418arcmin
where8= 0-12- -11

There are betweeB00 400 thousand galaxies in each sub eld, making a summation over

every pair of galaxies computationally challenging. We wrote our own implementation of a code
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Figure 2.2: The upper panel shows 2PCFs calculated by the brute-force method (red) and our
faster grid-based method (blue). The error bars show the 68% con dence interval of the correlation
between ellipticities in each bin. Negative values are shown as empty circles/dashed error bars. The
lower panel shows the residuals in units of the standard deviation. The calculations are performed
on the ellipticities of the galaxies in the rst sub eld (RB5*3 388 , Dec 113 78).
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to calculate the correlation function using a grid-based method, where we gradually decrease the
size of the cells to maintain accuracy at smaller and smaller angular scale. The idea is similar to
Athena(see 8 5 in Schneider et al. (2002)). The primary limitation of using a grid-based method
is that the angular resolution is lower. Our method is implemented so that the minimum resolution
is \e\ =0s05at\ = 1arcminand the maximum resolution is\*\ = 0«01 for\ & 5arcmin As
a reference, the resolution used by Kilbinger et al. (2013) wa$ = 0«03 for all scales.

Figure 2.2 shows the result of our method compared to the brute-force method. While there
are residuals, they are relatively smalef , . 03. Furthermore, we perform the calculations
on the real and the mock shear catalogues in the same way, with only the numerical values of the
ellipticities being different. Therefore, we do not expect a bias in our parameter estimation, in spite

of the existence of the small residuals.

Power spectrum

We perform an FFT of each convergence eld o 512 grid and compute the power
spectra in 38 logarithmic multipole bins over the ra880 Y Y 21-600, where the low-
boundary of th&th multipole bin is g= 603 360, where8= 0-1-2— -37.

In Figure 2.3, we compare the power spectrum we derive from a sub eld with that obtained by
L15's method. L15 pointed out two artefacts in their power spectra: (1) the nite pixel size causes
extra power at & 20-000%, and (2) hard cut-offs at the edges of the masks, i.e. low number
density regions, cause extra power & 7-000. Compared to L15, we obtain a lower power over
all scales because we remove the second artefact by considering the contribution of low-density

regions.

2.3.2 Parameter estimation

We estimate the posterior probability distribution in the parameter spazd ,—fggin a

standard way, using Bayes' theorem. Assuming a mbdeind the observed dath the posterior

We note that a nite pixel size should in theory suppress the power spectrum. Therefore, it is likely that the
artefacts are not cause by a nite pixel size.
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Figure 2.3: The upper panel shows the power spectrum (with error bars corresponding to a standard
deviation in each bin) calculated in this work, and that by L15's method, on the rst sub eld. The
lower panel shows the relative differences between the two.
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distribution is
2idjp-"° 2ipj" °
2" ©

?1pjd—""° = (2.13)

We adopt uniform distributions ofel ,, 0.8 and 0.1 f g 14 for the prior ?1pj" ©°, and the

likelihood function is given by

log 2tdjp—"°/ > ypo¥iC l1poxd yipoyi (2.14)

wherey!p° are the values of observables from thébody simulation an€ the covariance matrix.

Here, we assume the statistics follow multivariate Gaussian distributions. In geDeral;1p°

is a function of cosmological model, but a constant covariance is often used in the literature since
it gives reasonable estimates. We use cosmology-dependent covariances to obtain our primary
results, and then compare these with results using constant covariances in § 2.5.2.

Finally, we need to interpolate from the 91 discrete cosmological models to obtain the contin-
uous functiony*p®. For each of the 91 simulated models, we measure 2PCFs and power spectra
for all realizations, and nd their averages over all realizations, together with their covariances.
Then, we interpolate between these models to obtain the mean statistics and the covariances in the
3D parameter space using polynomial tting. Note that the mean statistics and covariances are
highly correlated among cosmological models, so we can reduce their dimensions using principal
component analysis (PCA; Wold, Esbensen, and Geladi (1987)) to avoid over- tting.

After some experimentation and testing, we found the best performance by setting the number
of principal component#pc = 5 and tting using polynomials up to 5th order. To illustrate
the accuracy, we pick a ducial model ¢, = 0305 f g = 0765 F = 0879 closest to the
Planck 2018 values, remove it from the polynomial tting dataset, and compare the predicted
values with the true values. As shown in Figure 2.4, the residuals are I=Rbw i.e. much
smaller than the uncertainty for both statistics, giving us con dence that the interpolation errors
will not signi cantly affect parameter estimation. Note that we interpolate along the direction of

F, but our analysis in this paper is restricted to the hyperpkare 1, corresponding to CDM.
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Figure 2.4: The residuals between the interpolated 2PCFs and the power spectrum, relative to their
true (directly measured) values. The residuals are divided by the corresponding standard deviation
in each bin. The statistics are averaged over all 13 sub elds.
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Figure 2.5: 68% and 95% joint con dence contoursfanand 1, using the power spectrum and
the 2PCF, as labelled. The power spectrum yields &% larger normalization, comparable to
the 10%difference between L15 and Kilbinger et al. (2013).

2.4 Results

2.4.1 Inferences from the 2PCF vs. the power spectrum

We rst reproduce the discrepancy between Kilbinger et al. (2013) and L15 introduced only by
the difference in methods, where the shear catalogtdmdy simulation, and data processing are
exactly the same.

Figure 2.5 shows con dence contours enclosing 68% and 95% of the likelihood from the power
spectrum and from the 2PCF. The parameter combindtign ,e0:27°Y (marginalised over the
orthogonal direction inf g— \%parameter space) is best constrained With 0«64 for the 2PCF
and U = 066 for the power spectrum. We use a xad = 065 for simplicity, and we use

g fgl me0:27°965in order to do direct comparisons.

The best tswe nd are g = 0833 0+035using the 2PCF, ands = 0:896 0+038using the
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Figure 2.6: We t the 2PCF and the power spectrum to simulated, rather than real observed data,
to check for systematic biases. The gure shows the distributiorgof f g e 027095 inferred

from 1000 realizations of mock shear catalogues in the ducial cosmological model, using the two
statistics. A cosmology-dependent covariance matrix is used. The average values are shown by the
dashed vertical lines, and the true value is marked for comparison. Both statistics are biased low,
by nearly the same amount.

power spectrum. Compared to thel0%discrepancy on g between Kilbinger et al. (2013) and

L15, we nd a comparable 8% difference, which is attributable entirely to the use of a different

statistic.

2.4.2 Systematic biases

In this section, we test whether there may be a systematic bias in parameter estimates derived
through either statistic. To do this, we constrain the cosmological parameters of a ducial model
from the mock catalogues — that is, we t our own simulations, rather than the observational data.
In each of the 1000 realizations of the ducial model{ = 0305 f g = 0765 F = 0879 we
create a mock shear catalogue, and treat it as the real catalogue to derive probability distributions
inthe n-f g space, and to compute the corresponding constraingon

Figure 2.6 shows the distribution of the 1000 besf-g! ,,¢027°Y (U = 0+65) values, using
both the 2PCF and the power spectrum. The true value in the ducial model s 0828

whereas the 2PCF and the power spectrum yield average valugs00800 0<00land g =
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0+793 0-001, respectively. The difference between these values estimated from the two methods is
X g = 04007, which is nearly an order of magnitude smaller than required to explain the difference
(X g =0896 0-833= 0063 found in § 2.4.1 above.

On the other hand, we observe a systematic bias, with both statistics under-predicting the true
value byX g = 0¢03. There are two primary reasons for such a bias. First, the usage of
fgl me027°Y as a parameter assumes a power-law form for the degeneracy betweand
f g. But the probability distributions deviate from a power-law, regardless of the statistic (Hikage
et al. 2019; Lin and Kilbinger 2015a), causing the maximume-likelihood estimators to be biased
(Lin and Kilbinger 2015a). Second, a model with cosmology-dependent covariance is known to
give a slightly lower g estimate compared to the true value (Ei er, Schneider, and Hartlap 2009),

because it gives more weights to low-cosmological models.

2.4.3 Statistical uke

The possibility that the discrepancy is caused simply by a statistical uke should also be con-
sidered. We test the probability of this by measuring the fraction of realizations of the mock shear
catalogues which yield a discrepancy equal to or larger than the observed one. Figure 2.7 shows
a scatter plot of g inferred from the two statistics in the 1000 individual realizations. The corre-
lations are visibly weak (with a correlation coef cient bf = 0s22). By counting the number of
points with g 0063 we nd that the chance of the observed discrepancy among the realiza-
tions due to randomness3s3%. Therefore, we conclude that a statistical uke is not a particularly
compelling explanation: its likelihood is the same as the signi cance of the original discrepancy

(both atthe 2f level).
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Figure 2.7: The scatter plot of the; values estimated from the 2PCF and the power spectrum in
each of the individual 1000 realizations of the ducial model. The discrepancy arising when tting
the CFHTLenS data (8 2.4.1) is shown by the dashed line. A discrepancy as large as the observed
one is reproduced by chance in only 53/1000=5.3% of the realizations.
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Figure 2.8: The differences in the 2PCFs and the power spectra, in units of their standard devia-
tions, between the CFHTLenS data and in ray-tracing simulations in a range of cosmologies. We
use a xed m = 03 and a range of g values as shown in the legends. The best tsffgrare

shown in black.
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Table 2.1: Constraints ong from different statistics.

Method max 8 U
20,000| 0896 0038
Power spectrum | 7,000 | 0877 0038
2,000 | 0836 0044
Correlation functionf 0833 0+035

0.65

2.4.4 Shapes of 2PCFs and power spectra

Finally, we check the pro les of the 2PCFs and the power spectra in the real data, against those
derived from# -body simulations. The differences between the two are shown as a function of
angular scale in Figure 2.8. From the spreads and biases of the residuals seen in this gure, we nd
that the 2PCF and the power spectrum constirgion different scales. For the 2PCF, values from
all scales ob are similarly constraining, while fdy , smaller scales ( 5 arcmin) are much more
important? For the power spectrum, the situation is the reverse: most of the constraints come from
relatively large scales (. 400Q corresponding t& 5 arcmin).

A conspicuous feature in Figure 2.8 is that the real data has excess power on small scales
(5-000. . 20-000), compared to the simulations, by 1 3°f . Such an excess power reveals
the fact that the real data differs from what can be generated bj thedy simulations. More
interestingly, this excess small-scale difference only occurs in the power spectra, without affecting
2PCFs, even though the two statistics are covering the same range of angularscéles¢mir).

In order to investigate the impact of this excess power on the parameter estimates, we repeated
our analysis with a more conservative choice of multipole cut-offs. In Figure 2.9, we show the
results from three multipole variations: (ihax = 20-000 (our original choice), (ii) max = 7-000
(used by L15 to avoid various artefacts on small scales); and i) = 2-000 (similar to the
value used by Hikage et al. (2019) to avoid the impact of the one-halo term). The corresponding
marginalised constraints org are shown in Table 2.1. We nd that a power spectrum cut-off at
lower naxdecreases the inferreq values, and the power spectrum yields results consistent with
the 2PCF for max = 2-000 This demonstrates that the excess power on small scales in the power

spectrum explains the discrepancy with 2PCF.

2We note that the actual constraining powebofandb on different scales is complicated due to the covariance
between the bins.
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Figure 2.9: 68% and 95% joint con dence contoursfgand ,, using the power spectrum with
different multipole cut-offs. nax = 20-000was used for our results in § 2.4.1, whereas the more
conservative cut-offs atpnax = 7-000and max = 2-000were used by L15 and by Hikage et al.
(2019), respectively. Excising small scales reduces the bests talues; max = 2-000brings the
results from the power spectrum in agreement with the 2PCF.
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Table 2.2: Constraints ong from different statistics, but including all elds (including those
failing a systematics test).

Method max 8 U
20,000| 0883 0034
Power spectrum | 7,000 | 0860 04034
2,000 | 0818 0+040
Correlation functionf _— 04853 04036

0.65

2.5 Discussion

2.5.1 Field selection

As mentioned in 8 2.2.1, 25% of the CFHTLenS data have been found to fail a systematics test.
In this section, we repeat our previous analysis (8 2.4), which was based on the 75% of the elds
passing the systematics test, but this time we retain the failed elds.

Table 2.2 shows the marginalised constraints guising all CFHTLenS data, and Figure 2.10
shows the comparison between the resulting 2PCFs and power spectra in the real data and those
from the mock catalogues. We nd that the excess power in the power spectrum exists regardless of
the systematics test selection. We also nd that the inclusion of the data failing the systematics test
signi cantly alters 2PCFs, leading to excess correlations on large scalés at2f level for b
andb . This is consistent with the reason these elds were excluded by the CFHT team (Heymans
et al. 2012). Note that these systematic errors would drive estimatesfodm the 2PCF higher.
Overall, we nd no evidence that residual systematics would help explain the observed difference

between the 2PCF and the power spectrum.

2.5.2 Cosmology-dependent vs. constant covariance

The results of using a constant covariance matrix are shown in Table 2.3. We nd that the
inferred g values are uniformly higher than those in the cosmology-dependent covariance case,
by g 04014in each case. The constant covariance model underestimates the uncertainty of
the statistics in the cosmological models with low, and/orf g and overestimates them for high

m and/orf g. Therefore, in the case of constraining a marginalised paramegteéhe constant
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Figure 2.10: The same as Figure 2.8, except the systematics test selection is not applied to the data
(i.e. all elds are included). Note that the best t value fiog (black) is different from Figure 2.8.

Table 2.3: Constraints ong from different statistics, but with a constant (cosmology-independent)
covariance matrix.

Method max 8 U
20,000| 0911 0038
Power spectrum | 7,000 | 0890 0+040
2,000 | 0847 0047
Correlation functionf 0847 0042

0.65
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covariance model has the tendency to overestimate the likelihood of gjghelding higher best-
t values.
Despite this overall shift to higher values, the differences between the valugshaftween
the 2PCF and the power spectrum remain similar. Therefore, we conclude that the assumed

cosmology-dependence of the covariance matrix does not explain the apparent discrepancy.

2.5.3 Reconstruction of the shape noise

The power spectra that we measured from the CFHTLenS Catalogue and the mock catalogues
consist of the lensing signal from the large-scale structures, plus the random shape noise. Based
on the ducial cosmological model, we nd in Figure 2.11 that the lensing signal p&&ghal
accounts for 25%of the total power at = 400, but merely 0¢1%at = 20-000 Because the
shape noise powérhqise dominates the total power, the accuracy of shape noise reconstruction is
very important on small scales. Here, we discuss two inaccuracies in shape noise reconstruction as

follows.

Shape noise contamination

We use randomly rotated ellipticities from the CFHTLenS Catalogue as our proxy for the shape
noise in the mock catalogues. An inaccuracy from this method is that the true lensing shear in the
data is included as part of the shape noise. As a result, the shape noise power in the mock catalogues
is contaminated and overestimated. We nd that the dispersion of the lensing shear in the noiseless
mock catalogues is

Ngignarli =2 10 *= (2.15)

while the dispersion of the observed galaxy ellipticities is

hdotjsi =2 10 e (2.16)
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Figure 2.11: The upper panel shows the contribution of the lensing signal to the total (=sig-
nal+noise) power spectrum in the ducial model (red). For comparison, we also show the dif-
ference between the power measured in the real data and the expected noise (blue; assuming the
same shape noise power, and again divided by the same total power). The estimated error in the
shape noise is shown by the horizontal black line. The grey shaded region shows the possible
range of residual power from PSF modelling errors (see § 2.5.3). The lower panel shows the resid-
ual correlation from PSF modelling errors compared with the 2BCgrote that the shape noise

is assumed to be uncorrelated and not to contribute).
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Note that the random rotations erase the correlations in the signal contribution to the measured el-
lipticities, so that our adopted shape noise power is overestimated by a constant, scale-independent
factor of

X %%0tal = Nsignal i*hj4orai? = 10 3= (2.17)

as is shown in Figure 2.11. Comparing the shape noise error to the power spectrum of the lensing

signal in the real data, we nd it to be subdominant across all scales.

Point spread function residual correlation

Point spread function (PSF) modelling also introduces inaccuracies to the shape noise recon-
struction. According to the CFHTLenS pipeline (Erben et al. 2013), PSFs at the locations of
galaxies are estimated based on nearby star images on the chip level, where a two-dimensional
second-order polynomial is used to model the local PSF anisotropy. Then, the in uence of PSF
anisotropy is removed from the galaxies. The PSF estimation method adopted in producing the
CFHTLenS Catalogue was global third-order polynomials with some coef cients varying between
CCDs (Miller et al. 2013). The impact of PSF residual correlations for CFHTLenS was studied
by Lu et al. (2017). While the above method was not speci cally investigated, a similar method
— second-order polynomial ts on CCDs — has been shown in Lu et al. (2017) to produce residual
correlations in lensing shear eld & 10°. Xb . 10 ° betweenlarcminy o Y 3arcmin
which can be taken as an upper limit. This residual correlation is subdominant to the shear-shear
correlation function, and the residual PSF power spectrum is subdominant to the lensing power
spectrum. Therefore, we conclude that the PSF error is likely not a source of the excess power on

small scales.

2.5.4 Choice of spectral index #-body simulations

We next explore the possibility that the choice of the spectral indaxay explain the ex-
cess power on small scales. In thebody simulations, we use a pre-de ned set of cosmologi-

cal parameters (see § 2.2.3) based on WMAP (Komatsu et al. 2011). Our chaeige=0D*96
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is lower than the more recent and more accurate vajue 0965 0004 from Planck 2018
(TT,TE,EE+lowE+lensing) by up to 1%. With the uctuation amplitude anchored &t ' Mpc
by f g, =g changes the logarithmic slope of the power spectrum around this pivot scale. We now
guantitatively study its impact on the lensing signal power spectrum.

The CFHTLenS galaxy catalogue shows a median redshift®¥, corresponding to an angu-
lar scale 0400 kpe arcmin In this case, the simulations correctly reconstruct the desired density
uctuation at 30 arcminor equivalently = 800. We expect théf -body simulations to underesti-
mate the power spectra on smaller scalgs 800). In terms 0f%;gna;, for each percent of increase
in =5, the power would be increased 8% at = 5-000and3«3%at = 20-000. However, we
nd that the lensing signal power in the real data is higher than in the ducial model by a factor of
order unity or more atj 5-000(see Figure 2.11). This is much greater than could be attributed

to our choosing an incorreet. We therefore rule out this possibility.

2.5.5 Intrinsic alignment

We also consider intrinsic alignment as an explanation for the excess small-scape power. In-
trinsic alignment describes the phenomenon in which ellipticities of galaxies are correlated not
only through gravitational lensing but also in real space, through the physics of galaxy formation.
It is a well-known contamination to weak lensing measurements. King and Schneider (2003) and
Heymans et al. (2004) have found that modelling intrinsic alignment is crucial for tomographic
weak lensing measurements using multiple redshift bins. Although a two-dimensional analysis,
as in this work, is less affected. Schneider and Bridle (2010a) and Sifon et al. (2015) have found
intrinsic alignment to alter the pro le of 2D lensing power spectra signi cantly on small scales,
for a ducial medium-deep survey.

According to the theoretical estimates by Sifén et al. (2015), a nonlinear alignment model
would cause a50% increase in%i;gna ON the scale of = 10-000. Comparing this value to
the observed discrepancy of a factor of3 at = 10-000in Figure 2.11, we nd that intrinsic

alignment is able to explain only 20% of the excess power.
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2.5.6 Baryonic effects

We nally brie y consider baryonic effects as a possible reason for the excess power. The
impact of baryon physics on the power spectrum and correlation function, under different assump-
tions about star-formation and feedback, has been investigated by several authors. In particular,
Semboloni et al. (2011) and Semboloni, Hoekstra, and Schaye (2013) and Chisari et al. (2018)
compared the power spectrum and the 2PCF from a dark-matter-only reference simulation to these
guantities in simulations that include the cooling and condensation of baryons in DM halos, as
well as star formation and AGN feedback that drives gas out of halos. In general, they found that
cooling enhances power on the smallest scales, but on the scales of interest here, corresponding
to Y 20-000 or: . 3 Mpc 1, the baryon effects (especially when AGN feedback is included)
suppress both the power spectrum and the 2BClBy 1 10% This difference is below the
uncertainty of the power spectrum measurements, and has the opposite sign. We conclude that

baryonic effects are unlikely to explain the excess power on arcmin scales.

2.6 Conclusion

Based on the same data from CFHTLenS, Kilbinger et al. (2013) and Liu et al. (2015) derived
constraints on g that differ by10% ( 2f ). We investigated this difference, motivated by the
fact that the lower value (Kilbinger et al. 2013) is in tension, while the higher value (Liu et al.
2015) is in agreement with the CMB corresponding constraints from the CMB. We nd that this
discrepancy originates from the difference in the statistics used in the two studies: the 2PCF of
the shear vs. the power spectrum of the convergence. We have done a fair comparison of these
two statistics and reproduced a similar discrepancg%). The discrepancy exists regardless of
whether we adopt a cosmology-dependent or constant covariance matrices in our analysis.

By examining the scale-dependence of the 2PCF and the power spectrum, we nd that the
power in the real data in the ran§e000Y Y 20-000is signi cantly larger than in the# -body

simulations used to t the data. We identify this excess small-scale power as the main reason that
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the power spectrum yields an unusually high(i.e. higher than in other WL studies). We nd

that this excess power exists regardless of whether CFHTLenS elds that fail a systematics test
are included or not. When we chose a lower cut-gffx = 2-000 for the power spectrum, we
recoved agreement between thgvalues inferred from the power spectrum and the 2PCF. This
demonstrates that the small-scale excess power is the reason for the discgepdnes.

We nd no clear explanation for this excess power. The PSF reconstruction error is subdom-
inant relative to the lensing power spectrum. The intrinsic alignments of galaxies is expected to
increase the amplitude of the lensing power spectrumd6, which could explain up to 20%
of the excess power. In addition, we nd that baryonic effect are expected to be too small and in
the wrong direction to cause the excess power.

Overall, we conclude that the value fo§ found recently by Liu et al. (2015), which is 10%
higher than in other lensing analyses and is in agreement with the corresponding CMB constraints,
is due to the excess small-scale power in the CFHTLenS data, which affects the power spectrum
(but not the 2PCF). This excess is likely a residual artefact, and therefore it does not resolve the
tension between the matter density uctuations amplitudes measured in lensing and in the CMB
data. A more general lesson from our results is that analysing the 2PCF and the power spectrum in

tandem could be a useful tool to discover (and to help control) systematic errors.
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Chapter 3: The Impact of Baryons on Cosmological Inference from Weak

Lensing Statistics

3.1 Introduction

Weak gravitational lensing (hereafter weak lensing, or WL) describes the bending of light rays
coming from distant objects by inhomogeneities in the foreground matter distribution. Since the
matter distribution depends on the underlying cosmological model, WL was proposed and has been
proven to be a powerful tool in inferring cosmological parameters, such,andf gina CDM
universe (see, e.g. Bartelmann and Schneider 2001b; Refregier 2003b; Hoekstra and Jain 2008b;
Kilbinger 2015, for reviews). Recent studies using data from WL surveys have yielded especially
strong constraints on a certain combination of cosmological parameter§ge.d.gt me 043°%)
and are approaching percent-level precision (Joudaki et al. 2016; Kohlinger et al. 2017; Hikage
et al. 2019; Hamana et al. 2020).

One of the trends in the existing and planned WL survey programs is the increase in depth—
the number density of galaxies has increased frof0 arcmin? in the past to 20 arcmin? at
present, and up tB0 arcmin? is expected in the future (Heymans et al. 2012; Jong et al. 2013;
Abbott, Aldering, Annis, et al. 2005; Aihara et al. 2018b; Laureijs et al. 2011; Spergel et al.
2015; Ivezt et al. 2019). Although this will allow accessing more information theoretically on
small scales (down to a few arcmin), making use of this information is challenging since many
systematic errors are more prominent on small scales if not treated accurately. These effects include
intrinsic alignments of galaxy shape orientations (Schneider and Bridle 2010b; Sifon et al. 2015)
and uncertainties in baryonic physics (Zhan and Knox 2004; White 2004; Jing et al. 2006). Recent
studies, employing either semi-analytic models or hydrodynamical simulations, have found the

latter to be very impactful, especially when the effects of feedback from active galactic nuclei
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(AGN) are included (Semboloni et al. 2011; Schneider and Teyssier 2015; Fong et al. 2019; Gouin
et al. 2019; Weiss et al. 2019; Coulton et al. 2020; Martinet et al. 2021).

In this paper, we focus on investigating how the baryonic physics affect WL statistics—speci cally
the (convergence) power spectrum and WL peak counts (as an example of a small-scale non-
Gaussian statistic). Previous studies have incorporated baryonic physics into WL observables
using two broadly different approaches. The rst is to utilize hydrodynamical simulations that
assume certain treatments of baryonic physics and predict modi cations to WL statistics. For ex-
ample, Hikage et al. (2019) take the tting formula based on the AGN feedback model in the Over-
Whelmingly Large Simulations project (Schaye et al. 2010), considering AGN feedback having the
largest effect, and adjust the power spectrum. Osato, Liu, and Haiman (2021) have recently studied
the baryonic effects using ray-traced convergence maps based on the IllustriSTNG hydrodynamics
simulations, which include several baryonic effects (Nelson et al. 2019). The second approach is to
modify the shape of the dark matter (DM) haloes in a DM-athhlpody simulations via so-called
“baryonic corrections”. An early attempt following this approach studying baryonic effects on
cosmological parameter estimates include Yang et al. (2013). This work analysed how varying the
concentration parameters of Navarro-Frenk-White (NFW) haloes affects the shear power spectrum
and the lensing peak counts. More recently, Schneider et al. (2019) compared power spectra and
shear correlation functions adopting more sophisticated baryonic corrections, and showed that they
can accurately mimic the observables inferred from hydrodynamical simulations.

In this paper, we take the latter approach, employing a state-of-the-art baryonic correction
model (hereafter BCM) proposed by Arico et al. (2020) (a modi cation of an earlier version by

Schneider and Teyssier (2015)), to answer two questions:
» How much does baryonic physics affect the lensing power spectrum and peak counts?

« If we infer baryonic model parameters simultaneously with cosmological parameters, how

well can they be constrained?

The BCM offers a parameterized way to characterize how baryonic physics alter the shape of
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each halo on the basis of a DM-on#y-body simulation, where each parameter has a physically
motivated interpretation. Compared to hydrodynamical simulations, the BCM is much less com-
putationally expensive, while retaining exibility to model various poorly constrained aspects of
baryonic physics. Arico et al. (2020) have shown that the matter power spectrum residuals between
various hydrodynamical simulations and their best- tting BCMs are under 1%.

We organize this paper as follows. In § 3.2, we introduce our simulation suite, how we derive
statistics from simulations, and the BCM. In 8§ 3.3, we show the effects of baryonic physics and
the posterior distributions of cosmological and baryonic parameters from WL. In § 3.4, we then
discuss how factors such as different noise levels and restrictions of power spectrum measurements
to different angular scales affect parameter inferences, as well as the implications of our ndings.

Finally, we summarize our main conclusions in § 3.5.

3.2 Methods

3.2.1 #-body simulations

Our simulation suite consists of DM-ondy-body simulations of CDM cosmologies with 75
different combinations of , (the matter density) anflg (the magnitude of matter uctuation).
Our parameter grid is illustrated in Figure 3.1.

The rest of the cosmological parameters are xed as follows: Hubble consgan2 km st Mpc 2,
baryon density , = 04046, scalar spectral index; = 096, effective number of relativistic degrees
of freedom=. = 304, and neutrino masses, = 0.

The initial conditions are computed using CAMB (Lewis, Challinor, and Lasenby 2000), and
the simulations are run with the-body code @QDGET-2 (Springel 2005). The size of each sim-
ulation run is240 Mpc (comoving) with512° DM particles, each of which has a mass of

101°M . In the ducial cosmology (m = 04311-fg = 0¢789), the size of the simulation

box corresponds to a eld of view & 6 ded at redshiftl = 1.
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Figure 3.1: The cosmologies of the #body simulations in the suite that we use in this study.
The red dot represents the ducial cosmology{= 0¢311-fg = 0+789).

3.2.2 Ray-tracing

We follow the procedures described by Petri (2016) to generate the WL convergg¢ncaps
from # -body simulations using the multiple lens plane algorithm (Jain, Seljak, and White 2000a,;
Hilbert et al. 2009). We brie y introduce the main steps in this procedure below and refer the
reader to the above papers for more detalils.

In this study, we assume that all lensed galaxies ate=atl. We take snapshots of eaéh
body simulation at a series of redshifts betwéen 0 andl = 1, such that the difference in the
comoving distance between the redshifts of adjacent snapst&s iSMpc. For each snapshot
in the series, we cut a slab of wid8® Mpc along a random axis Hor ), and we generate
a density planéby calculating the column density of a slab o@4@96 4096 grid followed by
random shifts and rotations (the latter in multiple96f). To obtain apotential plane we solve

the two-dimensional Poisson equation on each density plane for the gravitational potential eld.
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Finally, we follow light rays froml = 0to | = 1 using the multiple lens plane algorithm on
each series of potential planes following Petri (2016) within a xed eld of vievBe&F 3+ ded
(consistent with previous works on this simulation suite which ray-tracéd=@). The result of

this procedure is 2048 2048pixelized converge map. Through cutting slabs and shifting and
rotating density planes randomly, we can repeat this process to generate multiple realizations of
the convergence map for each simulation, which can be considered statistically independent (Petri,
Haiman, and May 2016).

To imitate the convergence maps calculated from real data, we add shape noise to our simulated
convergence maps by changing the value of each pixel by a random number, drawn from a Gaussian
distribution: ( )

fn

T =0-f = o p— (3.1)
2:gal pix

wheref , = 04 is the typical mean intrinsic ellipticity of galaxiesgyy the surface density of
lensed galaxies controlling the level of noise, ang the area of each pixel. We also smooth the
maps with al arcmirt 10 pixel® Gaussian Iter to remove artefacts caused by pixelation and to

facilitate peak counting statistics.

3.2.3 Modi cation by baryons

Parameter Fiducial value Prior bound
" 33 108 Im 59 10144 10 1M
" 10 863 101 1M 93 101011 108 1m
[ 0.54 5001 2-2¢7Y4
\Y; 0.12 »00026-38Y4

Table 3.1: The ducial values and prior bounds of the baryonic parameters

The BCM assumes that each halo can be divided into four components—DM, stars, bound gas,
and ejected gas. The radial pro les and relative weights of these components are controlled by four
baryonic parameters: ¢, the halo mass for retaining half of the total gas; g, the characteristic
halo mass for a galaxy mass fraction of 0.023 at O; [, the maximum distance to which the

gas content of a halo is ejected (in units of a characteristic escape distance that is roughly 5 virial
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radii); andV, the slope of the gas fraction against the halo mass. We choose the ducial values for
the baryonic parameters following Arico et al. (2020), and adopt wide prior bounds so that they
cover suf cient variations in the matter power spectrum (see Table 3.1).

To incorporate baryonic effects into thebody simulations, we replace DM haloes with ana-
lytical pro les that include baryons. Speci cally, we remove all particles which are considered to
belong to DM haloes, and paint the pixelated image of column density of the spherically symmetric

haloes (with baryons) on the corresponding density planes.

Figure 3.2: The cumulative halo mass functior at 0 from the ducial simulation compared to
that given by Jenkins et al. (2001).

First, we build halo catalogues for every snapshot of géadiody simulation witPROCKSTAR
(Behroozi, Wechsler, and Wu 2012), a halo nder based on adaptive hierarchical re nement of
friends-of-friends (FoF) groups, see Figure 3.2 for one of the halo mass functions. We set the FoF
linking length to the default value of 0.280CKSTARassigns a list of DM particles to each halo or
subhalo, where each particle belongs to no more than one list, and we catalog all haloes with total
particle mass greater tha®'>M . Second, for each halo, we remove its particles from the slab
if the distance between the particle and the halo centre is smaller than the virial rggis\We

refer to the total mass of this region insi8gg as the halo mass (note that some of the particles
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assigned byROCKSTARt0 a halo are outsid&g; for our purposes those particles remain outside
the halo). We then t the radial distribution of the removed particles to the NFW pro le with mass
", and obtain the best- tting concentration parame&terf each halo from a maximum likelihood
estimate. Third, given a speci c choice of baryonic parameters, we calculate the column density
of each halo (analytical pro le with BCM) on the density plane grid at their locations, and they are
added to the density plane. We note that although all removed particles for each halo are within
Aoo, the replaced density pro le typically extends beyokgy due to the ejected gas component
(from AGN feedback).

In this work, we generate one realization of the convergence map for each choice of baryonic
parameters for each cosmology. The baryonic parameters are chosen according to a Sobol sequence
(Sobol' 1967) of 1280 elements in the 4-dimensional prior hypercube. Sobol sequences have a
property of low-discrepancy, i.e. evenly distributed across the space, so they perform better in
polynomial tting and interpolation compared to random points. Compared to Latin hypercube
sampling, Sobol sequences have the advantage of being extendable, in case we need more elements
in the parameter space to improve accuracy. In addition, we generate 128 realizations at the ducial
baryonic parameters to estimate the covariance matrix for each cosmology.

We note that there are, on average,30-000 haloes in ar#-body snapshot, and 10!
2D halo images with BCM need to be calculated given our setup (75 cosmoldgie80, 128
realizations 30 snapshots 30-000haloes). Itis too computationally expensive to calculate every
halo following the method proposed by Arico et al. (2020) and Schneider and Teyssier (2015), since
that technique involves displacing individual N-body particles. To reduce the computational cost,

we compute the column densities of the four components in BCM separately:

halot\b—I1—="=Ao0—2="F am\o—P dm'Ao0—2
s "F starl\ b— P starlAQOO— 2
. "F pg\b—=P pglProo—2

s “F egl\ b—P egl[—&ooo— (3-2)
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where\, denotes all baryonic parameters, dad\,— P is the ratio between the mass of each
component and the total mass calculated according to BGM.and g are the pro les of the

DM and the bounded gas respectively, almost all the masses of which resideAgidesr is

the pro le of stellar mass (Mohammed et al. 2014) concentrated at the centre of the halo; it is
also referred to as the central galaxy componegy.is the projected surface density pro le of the
ejected gas, modelled by particles from AGN feedback following an initially Maxwell-Boltzmann
velocity distribution;[ determines the maximum distance reached by the ejected gas, in units
of the escape distance (5A00). Here, the pro les of the baryonic components contain their

trdmP 4
, 1

contributions to the relaxation of DM = fstarbg-eq®

IrdmP _

1 =2t amtX 1° dm’ — (3.3)

X1

where gm*X 1°isthe pro le of relaxed DM withXof the halo mass replaced by the baryonic pro-
le 1 (no DM will be moved to the outside @ in this BCM). We note that this simpli cation
only retains the linear dependency of relaxed DM on the baryonic components.

We calculate three of the four surface density pro 18§mstarngg ON a grid of

logy AQ—OO = 0:12-0:16- 18— (3.4)
1PIX
109,02 = 0:1-02— 18— (3.5)
logy o Aﬂ’ = 012-0:16- 18— (3.6)
1piX
240 Mpc
X = 7
P 4096 3.7

with the total mass of each pro le being unity, and additionally the contribution on relaxed DM by

. 1
ejected gas ergdmo on

logyo[ = 10— 09— —10e (3.8)

These pro les are then rasterized into images with their centers shifted by 0.0, 0.25, 0.5, and 0.75
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pixels along both axis. Whenever we need the image of an actual halo with BCM, we nd the
images of its components with the closéstand 2 from the pre-calculated gallery, and weight

them byF tgmstarbgeq @ccording to BCM.

3.2.4 Statistics and parameter inference

In this study, we employ two statistics on the convergence maps—power spectrum and peak
counts. The power spectrum of a convergence map is de ned as the Fourier transform of the two-
point correlation function. We calculate the power spectra by rst performing Fourier transforms
on the convergence maps, and then obtain the values in 18 equally-spaced logarithmic bins of the
angular Fourier modewithin 100Y Y 12-000. Peak counts are de ned as the number of peaks
per unit solid angle at difference convergentevalues, where a peak refers to a pixel that have
a higher” than all of its eight neighboring pixels. We divid®«03 Y ~ Y 0-15 into 18 equally
spaced bins and count the number of peaks Withlues within each of these bins.

We estimate the posterior distribution with Bayes' theorem on six parameteigh log-
uniform priors: 022 Y 1, Y 06, 0«4 Y fg Y 11 and the four baryonic parameters shown in

Table 3.1. The likelihood function is given by

1 1
21y,j\© / exp = y@1ly_ 3.9
Yoj % P35y y (3.9)
y=Yo yH°o- (3.10)

# 3 2
1= 2 “fo1 11
e 1 C (3.11)

1
C= 35 3sdeg O™ ™" (3.12)

wherey!\ © denotes the statistics at parameteryo the statistics at the ducial parameters,

the number of realizations the number of observablesgyreythe area of the supposed survey
(e.9. survey = 1-500 ded for a survey such as the one by Hyper Suprime-Cam or HSC; Aihara
et al. (2018b)), an€sim* m— fg® the covariance matrix measured from the simulated convergence

maps. In general, the covariance matrix depends on the choice of both cosmological and baryonic
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parameters, but we ignore its dependence on baryonic parameters here because: 1) the dependence
of the covariances on baryonic parameters is small (see § 3.4.5 below) and 2) a single realization
for each choice of baryonic parameters will not yield meaningful estimations. The fattor

3 20014 19 before the covariances mak@s! and unbiased estimation of the precision matrix
(Hartlap, Simon, and Schneider 2007).

Both statistics (as well as their combination) and their covariances are interpolated across the
parameter space (on logarithmic scales) by a polynomial to cover arbitrary points over the full
range of models. We nd that to t 96,000 points (75 cosmologied280 baryon models), a
fth-degree 6-variate polynomial with the degree of baryonic parameters less than three (189 pa-
rameters) captures the variation of the statistics on all parameters with good accuracy without
over tting. Then, we sample the posterior distribution with a Monte-Carlo Markov chain using

differential evolution forl (P steps, which is suf cient for the chains to converge.

3.3 Results

3.3.1 Effects of halo replacement

Figure 3.3: The column density of the removed DM particles, the NFW pro le images, and their
differences in @25 Mpc°? region of a slab at = 0. The maps are smoothed at@0 kpcscale
for better visibility.

The process of halo replacement speeds up the calculations of baryon models, but it will intro-

duce systematics since the haloes in#hkbody simulations does not match NFW pro le exactly.
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Figure 3.4: The average column density power spectra from thetfldbdy simulations (the
original in black, and with halo quadrupoles removed in orange) compared to the power spectrum
% rw after halo replacement in the ducial cosmologyl at O.

In this section, we will study by how much this mismatch affects the statistics.

Figure 3.3 shows an example of how replacing haloes with NFW pro les changes the column
density in a simulation slab, and Figure 3.4 shows the change in column density power spectrum
for the ducial cosmology at = 0. We nd that halo replacement lowers the column density
power spectrum by 7% mostly at very small scales (& 3 Mpc 1). It can be seen from the
residual map shown in right panel of Figure 3.3 that the most noticeable difference for each halo
between the# -body particles and the NFW pro le is the quadrupole component. This means
that projecting haloes to a 2-dimensional map leaves their quadrupole components stronger than
the other multipole moments and they are apparent when comparing to isotropic NFW pro les. To
investigate the importance of this quadrupole residual, we average the original column density map
and its duplicate but with the halo particles rotated around the projected halo cef8tie bpd we
repeat the comparison of the column density power spectrum (see Figure 3.4). As the discrepancy
shrinksto 2%, we conclude that the quadrupole residuals are the primary causes of the difference
in the small-scale power spectrum introduced by the adoption of spherical NFW haloes.

Although quadrupole residuals introduce systematics in general, we did not attempt to correct
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Figure 3.5: The residuals caused by halo replacement (solid lines) compared to the uncertainties
of the observables (dashed lines) in the two statisigppwer spectrum ankl) peak counts.

them in this work because they have a limited impact on the lensing power spectrum and peak
counts as all maps are affected in the same way (but we note that they may be a concern for other
statistics or when our method is applied on real data). In Figure 3.5, we compare the residuals
caused by halo replacement to the uncertainty of the observables from 64 realizations of the ducial
cosmology with a noise level 6fy5 = 20 arcmin2. We nd that for both statistics, the residuals

are mostly less than 10% of the uncertainties of the observables in a single convergence map, but

they are projected to be comparable to the uncertainties1¥5@0 ded survey. As a result, a
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correction for these quadrupolar asymmetries will need to be incorporated into the spherical halo-

based baryon corrections, when real data is tin a lagd%00 degd) future survey.

3.3.2 Impact of baryons on statistics

Figure 3.6: The 3-dimensional matter power spectra with each of the four baryon components
and with all components at= 0 assuming ducial values, divided by the power spectrum from
replacing haloes with NFW pro les without baryons. The dashed curve shows the result by Arico
et al. (2020, see their Fig. 3), re-scaled to our adopted cosmology.

In Figure 3.6, we show the 3-dimensional matter power spectra of the ducial cosmology with
each of the four baryon components included; the painting process of these components is the
same as described in 83.2.3 except that 3-dimensional pro les and grids are used. It shows that
among these components, the ejected gas (AGN feedback) has by far the largest effect on the
power spectrum, suppressing it by 7% at 1 Mpc ! and up to 12% on smaller scales. A key
difference in implementing BCM between our work and Arico et al. (2020) is that we replace
halo particles by the images of analytical pro les with baryons, while Arico et al. (2020) moves
individual DM patrticles to match the effects caused by baryonic physics. We note that our method

has the advantage of being more accurate in representing baryonic effects when there are only a

small number of particles in the haloes, but it has the disadvantage of not retaining the original
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Figure 3.7: The responses of the power spectrum (top panels) and peak counts (bottom panels) to
variations in the cosmological (left) and baryonic (right) parameters at their ducial values in an
HSC-like survey area (1,500 ddgand galaxy density (20 arcmify.
shapes of the haloes and replaces them with spherically symmetric pro les (see § 3.3.1 above),
which can induce biases in statistics. We also show the result by Arico et al. (2020, see Fig. 3)
in Figure 3.6, with the suppression of baryonic effects re-scaled by baryon fragston,, to our
adopted cosmolody Regardless of differences in baryoni cation, the suppression of the power
spectrum in our work and that in Arico et al. (2020) are very similar.

Figure 3.7 shows the response of the statistics (power spectrum and peak counts) to the change

of each cosmological and baryonic parameter,miegy*\ °mlog\ g wherey are the observables

1Schneider et al. (2020) have found that at xed baryon fractigm ,, the suppression in the power spectrum
does not visibly change. Here we assume that such suppression, when it is.sm8R4, is proportional to the
baryon fraction.

59



Figure 3.8: The derivative of the power spectrum with respect to the baryonic parameters (normal-
ized to»0-1¥on log-scale.)

of the statistics andlgthe parameters of interest. This derivative denotes the percentage increase
in the statistics for each percent of increase in a parameter. We evaluate this quantity at the ducial
parameter values and choose an HSC-like scenario: survey are& = 1-500 ded and galaxy
density=ga = 20 arcmin?. Note that the derivative of the total power spectrum with respect to

the baryonic parameters goes to zero at loas expected, shown in Figure 3.8. We nd that the
response of both statistics to baryonic parameters are much weaker than to cosmological parame-
ters, by a factor of 10 100 This suggests that the capability of the power spectrum and peak
counts in constraining baryonic parameters is correspondingly weaker. We also nd that the re-
sponses show degeneracies between certain cosmological and baryonic parameters. For example,
the responses of both the power spectrum and the peak coyngmtt . are qualitatively similar

to their responses to variations iny,, but in the opposite direction.

3.3.3 Parameter inference with baryons

Figure 3.9 shows the posteriors of cosmological and baryonic parameters in an HSC-like survey
calculated as described in § 3.2. To quantify the ability in constraining cosmological parameters,

we marginalize over baryonic parameters and calculate the area of the posterior distiihytion
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Figure 3.9: The posteriors of cosmological and baryonic parameters in an HSC-like survey area
and galaxy density. The thick and thin contours showlfh€68%) and2f (95%) credible region
respectively, and the black crosses and lines show the ducial values of the parameters.

in m fgspaceenclosed by tli¢ (68%) credible contourlf area hereafter). The areas of the
three statistics (see Table 3.2) 81 10 * (power spectrum)3*52 10 # (peak counts), and

159 10 4 (combined).

We de ne another quantity 4 as thelf area of the posterior in,, f g space when all

61



=gal = 20 arcmin? =gal = 50 arcmin?
Methods (an*10* (¢°20% (qun*(d | (*20* (g*10% (qun(d
Power spectrum 3.91 0.94 4.14 2.66 0.52 5.15
Peak counts 5.52 1.18 4.67 3.59 0.53 6.67
Combined 1.59 0.53 3.02 0.98 0.27 3.61
PS (Y 2-000 7.16 3.43 2.08 4.77 1.90 2.51

Table 3.2: The area of the 68% posterior distributions i f g space in a survey with an area

of 1500 ded and two different galaxy densities, marginalized over baryonic paraméigrs ¢r
conditioned on ducial baryonic parameteisq).

baryonic parameters are xed at their ducial value. Then, the réige ( ¢ represents the factor

by which the joint constraints on,, andf g degrade when the uncertain baryonic and cosmological
parameters are constrained simultaneously (compared to the case when the baryonic physics is
accurately known). We nd that in an HSC-like survey, the factor of this degradation is 4.14 for
the power spectrum, 4.67 for the peak counts, and 3.02 for these two combined (see Table 3.2).
The fact that combining power spectrum and peak counts lowers the degradation factor suggests
that the combination breaks the degeneracies between cosmological and baryonic parameters, e.g.
between , and" 19 (see Figure 3.9).

We next compare our parameter-inference results with those in Schneider et al. (2020). They
employed a BCM that was very similar to the model used in this work, and they constrained three
additional cosmological parametersy, o, and=s. They found the value ofy*( 4 for the
power spectrum method to be2 when marginalizing over all other cosmological and baryonic
parameters. This value is very close to the factor of 2.08 given by our large scale£000)
power spectrum test (Schneider et al. (2020) truncate the power spectrundaf00). Note that
the full range power spectrum ¥ 12-000) produces much highéfy*( ¢. We speculate that
this is because the power spectra on small scales are affected more by baryonic parameters relative
to those on large scales, so including them in the inference improves the constraints only when the

baryonic parameters are known, which makes the factor larger.
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Figure 3.10: Thef areas of the posterior distributions in, f g space for different statistics as
functions of galaxy density. Other notations are identical to those in Table 3.2.
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3.4 Discussion

3.4.1 Parameter inference at different noise levels

In Figure 3.10, we show thf area of the posteriorin,, f gspace at different noise levels,
either marginalized over baryonic parameters or with xed baryonic parameters. We assume a
survey with HSC-like areal600 deg, the same as Table 3.2) for all of the calculations but include
a variety of galaxy densities from0 arcmin? to 100 arcmin?. We nd that at higher galaxy
densities (lower noise levels), the constraints gnandf g generally becomes tighter, meanwhile
the degradation due to marginalizing over the baryonic parameters is larger, especially for peak
counts. We conclude that the statistics can extract more information from small scales/high peaks

but only signi cantly so when the baryonic physics is speci ed.

3.4.2 Comparing power spectrum in full range withi 2-000

When the lensing power spectrum is used to constrain cosmological parameters, the upper limit
of is typically restricted ta 2-000 (e.g. Kohlinger et al. 2016; Kohlinger et al. 2017; Hikage
et al. 2019). The motivation is that at even high¢smaller scales), the matter and lensing power
spectra might be affected by baryonic physics to a degree that is hard to model accurately. In this
section, we explore the improvements in constraining cosmological parameters when the power
spectrum at small scales is included. Figure 3.10 compares the results with the power spectrum
over the full range100Y Y 12-000) with that restricted to large scales on0QY Y 2-000),
where we only take the rst 11 bins and the covariance matrices are adjusted accordingly.

When the baryonic parameters are free, we nd that the small-scale power spectrum provides
a 45% reduction in théf area in an HSC-like survey; when the baryonic parameters are xed,
this reduction increases to 73%. These values remain almost the same when the galaxy density is
increased fron20 arcmin? to 50 arcmin? matching the noise level of the Nancy Grace Roman
Space Telescope. By comparison, Fang and Haiman (2007) fegnd (30 arcmin 2, no baryons)

that by increasing the upper limit of from 1,000 to 3,000, the uncertainty in,, andf g are
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improved by 30% and 50% respectively.
Nominally, a comparison by using the xed-baryons constraints restricted to large angular
scales gives slightly better constrainfsy( 3+43 10 * for at 20 arcmin?; blue curve in Fig-
ure 3.10) than including smaller scales but at the cost of marginalizing over the bay@ns (
3991 10 4 red curve). However, we nd this conclusion to be unjusti ed. Contrary to the notion
that baryons only affect small scales, we nd that restricting the power spectrut 8000does
not avoid the degradation caused by uncertainties in the baryonic parameters. Table 3.2 shows that
(fun*( g forthe large-scale power spectrum equa8, which means that taking baryonic physics
into consideration is necessary even for the large-scale power spectrum, at least in the context of

the BCM models adopted here.

3.4.3 Priors on baryonic parameters

Figure 3.11:1f condence areain , f g space for the power spectrum and peak counts com-
bined. The solid lines show one case where the prior of one baryonic parameter is varied and the
others are free. The dashed lines show another case, where the prior of one baryonic parameters is
varied and the other parameters are xed at their ducial values.

The results we show in 8§ 3.3.3 assume wide priors on the baryonic parameters constrained only
by WL, but we note that external observations or theoretical models can give stricter priors. Ideally,

the accuracy of these parameters can be high enough so that the uncertainties of the observables
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Figure 3.12: The same as Figure 3.11, except that only the large-scale power spestr@s000)
is used.

caused by baryonic physics is negligible relative to those of cosmological parameters. In this
section, we explore which of the baryonic parameters are most important in degrading our ability
to constrain ,, andf g.

We refer to the full width of the prior on each baryonic parameter as 100%, and we then
gradually shrink the width of each prior linearly on a logarithmic scale until both the upper and
lower bounds reach the ducial value (we refer to the width of which as 0%). We can manipulate
the priors on the baryonic parameters in two simple ways: 1) adjust the width of prior on one
parameter between 100% and 0% while keeping the other three priors at 100%, or 2) adjust the
width of prior on one parameter and x the other three parameters at their ducial values (i.e.
assume 0% priors on the latter). The resultidig credible areas are shown in Figure 3.11 as a

function of the prior width. They indicate the following:

* If we have little knowledge about baryons and have to resort to wide pfiansd” . are the
most important parameters, with the largest potential to improve the constraint, amd

f g (solid purple and orange curves in Figure 3.11).

* If we can determine baryonic parameters accuratelyjs the most important limiting pa-
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rameter, i.e. a biased. is the least tolerable (dashed orange curve in Figure 3.11).

» " 19 andV affect the constraint the least, regardless of our prior knowledge on the other

parameters.

We also show the corresponding results in Figure 3.12 restricted to the large-scale only power
spectrum (Y 2-000. We nd that in both ways of changing prior§, and" . are the most
important parameters.

A few observational results can be used to nd the best- tting values of the baryonic parame-
ters. Here, we list some of these with uncertainties and their width relative to those of the priors we
employ. As mentioned by Schneider and Teyssier (2015), Ade et al. (2013) sugge@3 0e7
(30% of the width of our prior) from the radial pro le of the cluster gas fraction; X-ray data (Sun
et al. 2009; Vikhlinin et al. 2009; Gonzalez et al. 2013) sugg¥sts0e3 0.8 (20% width) and
"o=02 20 10 M (26%width) from the bounded gas fractiohsgg relation. Stellar
mass—halo mass relations from various sources listed by Behroozi, Wechsler, and Conroy (2013)
suggests 19=12 10° 10 IM (34%width). Additionally, the matter spectrum using BCM
has been tto those obtained in hydrodynamical simulations to infer baryonic parameters by Arico
et al. (2020). Interestingly, the range of simulations examined in that study generally agree on the

value of[ to be0O<1 10 (70% width) but not on the other baryonic parameters.

3.4.4 Born approximation

The large majority of previous works investigating baryonic effects obtained lensing power
spectra via a direct projection of the three-dimensional matter power spectrum (Rudd, Zentner,
and Kravtsov 2008; Zentner, Rudd, and Hu 2008; Mead et al. 2015; Boyle et al. 2020; Harnois-
Déraps et al. 2020), or used the Born approximation in place of full ray-tracing (Semboloni et al.
2011; Fong et al. 2019; Huang et al. 2019; Weiss et al. 2019), but see Osato, Shirasaki, and Yoshida
(2015) and Osato, Liu, and Haiman (2021) for a recent exception.

In the Born approximation, the convergence at posijidrom source comoving distange is
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Figure 3.13: Same as Figure 3.9, but the mgde? used to t the (fully ray-traced) mock datg
employs the Born approximation.

approximated by taking the lowest order term of the ray-tracing calculations:

1
3§ Is j dj . :
“porn?) © = 2022 n . 1011-1051 =) X) =)= (3.13)

where0 denotes the scale factor,!j—j L =1 j ¢j sthe lensing kernel, andthe density contrast.
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Figure 3.14: The posterior distributions wigft\° using the Born approximation and xing
baryonic parameters to their ducial values. The supposed survey has a galaxy density of
=qal = 20 arcmin? and an area d§00, 1-500, or 5-000 ded

. The thick and thin contours show thhé and2f credible regions, respectively. The black

crosses mark the ducial cosmology, and the colored crosses mark the maximum likelihood

cosmology inferred from the different statistics.
Note that the calculation d%,or, 0nly depends on the density contrast values along the line of sight,
which itself is approximated as a straight line. It makes the Born approximation much cheaper than
ray-tracing in terms of computational cost. But assuming that the observed lensing effects can only
be resembled by ray-tracing, we need to assess the biases introduced by the Born approximation
whenever applied to WL surveys.

We build a set of convergence maps using the Born approximation in parallel with the ray-
tracing maps at the ducial parameters (128 realizations) and calculated the bias in the statistics
caused by the Born approximation. Then, we apply this biag't8 in Equation 3.9 (but not
replacingyo), and infer cosmological and baryonic parameters, the sampled posteriors of which
are shown in Figure 3.13. Note that we ignore the dependence of this bias on cosmological and
baryonic parameters, because the posteriors are in the vicinity of ducial parameters, where the
bias does not signi cantly vary. From the,, f g panelin Figure 3.13, we nd that employing the

Born approximation in an HSC-like survey causes only insigni cant biases for the power spectrum

method ¥ 0°5f for ,andf g), butitcan cause larger biases for peak courftgis overestimated
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by about2% (, 1f )and ,isunderestimated by about 3% ( 1f ). Second, we x the baryonic
parameters to their ducial values and infer, andf g assuming=ga = 20 arcmin? and various
survey areas, the posteriors of which are shown in Figure 3.14 (for a clearer represehtation,

is substituted with(g ~ f gl m*0:3°%°). We nd that cosmological parameters are biased by a
similar absolute amount for different survey areas for each method, but since the constraints are
tighter with larger survey area, the biases are more statistically signi cant. For the peak counts,
the signi cance is ovellf when gyrey= 500 ded and over2f when survey = 1-500 ded, while

the power spectrum method remains unaffected.

The result that the Born approximation does not affect the validity of parameter inferences
from the convergence power spectrum have also been noted in previous studies without inferring
baryonic physics (e.g. Giocoli et al. 2016; Petri, Haiman, and May 2017; Fabbian, Lewis, and Beck
2019; Hilbert et al. 2020). We note that, on the other hand, peak counts, and parameter inferences
based on them, can be much more signi cantly affected by the Born approximation (especially
in the presence of baryonic effects). Similar conclusions have been reached about other beyond-
Gaussian statistics on convergence maps, such as higher order moments (Petri, Haiman, and May
2017) and the bispectrum (Pratten and Lewis 2016).

In summary, using the Born approximation instead of ray-tracing has a much greater impact
on the peak counts than on the power spectrum, possibly because peak counts rely more heavily
on small-scale information where there are larger the deviations between the Born approxima-
tion and ray-tracing. In an HSC-like survey, the Born approximation introduc2ts biases on

cosmological parameters from peak counts when the baryonic physics is fully speci ed.

3.4.5 The dependence of covariances on baryonic parameters

In Figure 3.15, we show how covariances change \vjtbne of the most important baryonic
parameters. As an indication for the importance of ftkependence, we compare the determinants
of the covariance matrices and the correlations between the observables wjttvaes—O0.54

(ducial value) and 1.5. We nd that there are only slight differences between them: the determi-
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Figure 3.15: The correlation matrtk of the observables in the ducial model (upper panels), the
difference ofd between thg = 054 model (all other parameters remain unchanged) and the
ducial model (middle panels), and the difference between thg € 0315-fg = 0¢717) model

and the ducial model. The determinants of the covariance matrices in all three models are shown
at the bottom left corner of each panel.

nant changes by only 7% and 20% for the two statistics. By comparison, the determinant varies
by 10% and a factor of 2, respectively, due to a 10% changefig(0¢789! 0¢717), which is a

typical level of uncertainty from previous weak lensing surveys (see e.g. Hikage et al. 2019).
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3.5 Conclusions

In this work, we adopted a start-of-the-art baryonic correction model (BCM) to investigate the
impact of baryons on the inference of cosmological parametgrandf g from Gaussian and non-
Gaussian WL statistics (the power spectrum and peak counts). In order to be able to incorporate the
baryonic effects into a large suite of ray-tracing simulations, we employed a low computational-
cost methodology where we “painted” baryons ofitdbody simulations by replacing the particles
in DM haloes by images of analytical pro les that contain baryons.

We summarize our main ndings as follows:

1. The difference in column densities between DM haloes from#tHeody simulations and
their NFW-halo replacements is mainly the quadrupole component, which explains most of

the discrepancy in the column density power spectrumé&t3 Mpc L.

2. If the baryonic parameters are inferred simultaneously wigrandf g and being marginal-
ized over, the area of tH# regionin , f gspace willbe 5times larger than that with
baryonic parameters xed for an HSC-like survey. This degradation factor is larger for peak

counts and increases with higher galaxy density (smaller noise).

3. Combining the power spectrum and peak counts breaks the degeneracy between cosmo-
logical and baryonic parameters, making the constraints on cosmological parameters less

affected by the uncertainty in baryonic physics.

4. The quality of constraints ony, andf g in terms of thelf area improves the most whén

and" ¢ have tighter priors, whil& 19 andV barely affects thdf area.

5. In an HSC-like survey, expanding the range of lensing power spectrum fi6rd-000to
Y 12-000 can improve the constraints on, andf g by 45% when marginalized over

baryonic parameters and by 73% when baryonic parameters are xed.

6. Baryonic physics, with the BCM models we adopted, and in the absence of strong priors,
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affects the power spectrum on both small and large scales; a limit &2-000still requires

the modelling of baryons.

7. Using the Born approximation to generate the convergence maps has a greater impact on
constraints from peak counts than from the power spectrum. To correctly model baryonic
effects and marginalize over them in an HSC-like survey, ray-tracing is necessary for peak

counts or when it is combined with other statistics.

We note two caveats in this work that do not affect our nding above but can be a problem
if we apply the same methods to observational data in the future. We need to carry the shape
information of the DM haloes from th# -body simulation to the analytical pro les to remove
the halo replacement residuals. We also need to generate more realizations of the convergence
map for each combination of parameters so that when comparing to the real data, the statistics are
not biased due to insuf cient randomization. More generally, before they can be applied to real
data, a better calibration of the speci c parameterized BCM will be necessary against physical

hydrodynamical models, including a range of baryon physics and their impact on peak counts.
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Chapter 4: Simultaneously constraining cosmology and baryonic physics via

deep learning from weak lensing

4.1 Introduction

When light travels from a distant galaxy to us, its path is bend by the gravitational in uence
of the matter in between. This causes the shapes of distant galaxies to be slightly distorted, in
a phenomenon referred to as weak gravitational lensing (WL). By observing shapes of millions
of galaxies over the sky, we can study the properties of the large-scale structure in our Universe
(see, e.g. Bartelmann and Schneider 2001b; Kilbinger 2015, for reviews). In the framework of
the Lambda Cold Dark Matter CDM) cosmology, WL signals are most sensitive to two of the
cosmological parameters—the matter density and the amplitude of matter uctuatiorfsg,
precise measurements of which have been obtained by many recent analyses (Joudaki et al. 2016;
Kohlinger et al. 2017; Hikage et al. 2019; Hamana et al. 2020).

The depth of WL surveys nowadays has reached a galaxy number densiddafrcmin 2, and
many surveys planned in the future are expected to have depths as Bi@hrasnin? (Aihara et
al. 2018b; Laureijs et al. 2011; Spergel et al. 2015; lwetial. 2019). As a result, the information
from WL signals will be available on very small scales (a few arcmin), which comes with two
major challenges.

First, WL signals are highly non-Gaussian on small scales. This poses a challenge to commonly
used Gaussian statistics, such as the power spectrum and the two-point correlation function, as
they only extract Gaussian information from the WL signal. To address this de ciency, many
non-Gaussian summary statistics have been proposed and used, including three-point correlation
functions (Takada and Jain 2003; Schneider and Lombardi 2003; Fu et al. 2014), peak counts
(Kratochvil, Haiman, and May 2010; Dietrich and Hartlap 2010; Liu et al. 2015), and Minkowski

74



functionals (Mecke, Buchert, and Wagner 1993; Munshi et al. 2011; Kratochvil et al. 2012; Petri
et al. 2013).

Second, the small scale information is heavily mixed with the effects of many other astrophys-
ical processes. Thesaryonic effect@re of great importance, due to the large uncertainty about
how much they affect WL signals. One approach to minimizing the impact of these effects is to
forego their modeling, and simply ignore the small scale information. For example, many WL
studies have used power spectra with maximum multipote#fs 200Q corresponding to angular
scales abov&0 arcmin(Kohlinger et al. 2016; Koéhlinger et al. 2017; Hikage et al. 2019). How-
ever, using a baryonic correction model (BCM, Arico et al. 2020), Lu and Haiman (2021, hereafter
LH21) have shown that increasing the maximuifmom 2000 to 12000 can improve the constraints
in m fgspaceby 50%(the area olf credible contour)in an Hyper-Suprime Cam (HSC)-like
survey ( survey = 1500 deé—fJ = 20 arcmin?), after marginalizing over baryonic physics. They
have also found that this marginalization over the uncertain BCM parameters (compared to xing
these parameters) degrade the constraints,in f g space by factors o4 5 from either the
power spectrum or the peak counts (counting the number density of peaks in a convergence map at
difference convergence values). These results mean that modelling the baryonic effects is crucial
in assessing the performance of summary statistics.

Convolutional neural networks (CNNSs) offer a promising approach to the problems of extract-
ing non-Gaussian information and marginalizing over baryonic effects. Instead of hand-crafting
summary statistics, machines can learn the characteristics of the WL signals and automatically
construct a statistic. Compared to fully connected neural networks, CNNs share weights (called
kernels) across different parts of the input and can nd patterns across different scales, typically
from small scales to large scales. CNNs have achieved state-of-the-art results in processing image-
like data, including image classi cation (Krizhevsky, Sutskever, and Hinton 2012; He et al. 2016),
object detection (Ren et al. 2015; Redmon et al. 2016), and solving board games (Silver et al.
2018).

In the eld of WL, several attempts have been made recently to use CNNSs to infer cosmo-
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logical parameters from WL convergence maps. Gupta et al. (2018) trained a CNN on noiseless
convergence maps and showed that the CNN yielded 5 times tighter constraints ifi g space
compared to the power spectrum. Ribli et al. (2019) employed a different architecture of CNN
and trained the networks on convergence maps with different levels shape noise, and they sug-
gested that CNN can achie2e4 2+8 times tighter constraints in an LSST-like survey. Using the
KiDS-450 tomographic WL dataset, Fluri et al. (2019) have found a 30% improvement in the con-
straint on(g = f g m*0:3°%® by CNNs compared to the power spectrum. Matilla et al. (2020)
have found that their CNN improves the constraints by 20% compared to the combination of the
power spectrum, peak counts, and Minkowski functionals. They also applied saliency methods
to interpret CNNs on a map level, and found that the most relevant pixels are those with extreme
values of the lensing convergence. Villaescusa-Navarro et al. (2020) applied CNNs to Gaussian
random elds and a toy model for baryons, to demonstrate that CNNs are able to recover all the
information in the power spectrum and to infer cosmology, and that they are also able to learn and
marginalize over toy baryonic effects.

In this study, we use a large suite of cosmological ray-tracing dark mattereblydy simu-
lations, augmented by a state-of-the art baryonic correction model, to explore the ability of CNNs
to constrain both cosmology and baryonic physics. We train CNNs on WL convergence maps with
baryons and compare their performance to that of power spectra and peak counts.

This paper is organized as follows. In § 4.2, we introduce the generation of convergence maps
(including the modelling of baryons), the architecture of our CNNs, and the inference of cosmology
and baryon parameters. In § 4.3, we show the prediction of parameters by the neural network and
their derived posteriors in both cosmological and baryonic parameter space. In § 4.4, we discuss
how different aspects of the network architecture affect its performance, as well as the impact of
shape noise. Finally, we summarize our main conclusions and the implications of our results in

§4.5.
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4.2 Methods

4.2.1 The baryonic correction model

Parameter Meaning Fiducial value Prior bound
Charaqte_rlstlc halo mass for 33 1012 59 10tldes 10
retaining half of the total gas
Characteristic halo mass for
n 1 1 1 o O_ ° 3
0> MYy galaxy mass fraction of 0.02:«’?”63 10 93 10%11 10
Maximum distance of the ejected 0.54 001227,
gas from the parent halo
Logarithmic slope of the

gas fractiorvs. the halo mass

"e» M Y

0.12 0026-38Y4

Table 4.1: Free parameters of the baryonic correction model

Figure 4.1: The comparison of sample convergergan@aps using pure NFW halo$\gw) and
using halos with the ejected gas componefitg). The ejection of gas from halos has the largest
impact on our results; as illustrated in the right panel, this effect redtivatues at the highest
peaks, mimicking a slight smoothing.

We employ the BCM to characterize the modi cation of the density distributions in and around
each dark matter halo on a halo-by-halo basis. In the BCM, each halo after the modi cations in-

cludes four components: the central galaxy (stars), bounded gas, ejected gas (due to active galactic

nucleus feedback), and relaxed dark matter. The masses and pro les of these components are con-
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trolled by four free parameters: ¢, " 19, [, andV. The meanings, ducial values, and priors of
these baryonic parameters can be found in Table 4.1.

For each halo in the dark matter-orf+body simulation, the masses of the baryonic compo-
nents are calculated based on the halo mass and the redshift (see Arico et al. 2020, Appendix A),
which sums up to a xed proportion (, = 04046) of the halo mass. When the baryonic compo-
nents are added to the halo, the same amount of mass is removed from the halo, so that the total
mass is conserved. We show the effect of ejected gas as an example in Fig. 4.1—when we add the
ejected gas component to the halos, whose pro le is much wider than the NFW pro le, the high

peaks in the® map generally have lowéyrvalues.

4.2.2 Convergence maps with baryons

The process of generating convergence maps is identical to that in LH21. We brie y summarize
this process below and refer the reader to LH21 for a detailed description.

The generation of convergence maps starts from a suite of 75 indepéhdberty simulations
with different cosmologies (combinations of, andf g), where! , = 0311-fg = 0789 is cho-
sen to be the ducial cosmology. Each simulation has a linear box si2é®f ' Mpc (comoving)
and contain§12® dark matter particles. The simulations are run with#hbody codeGADGET-2
(Springel 2005), and a series of snapshots are recorded between re@i3hift¥ 1 such that ad-
jacent snapshots have a differencé6f 1 Mpcin comoving distance. The simulation snapshots
are then post-processed to include baryonic effects.

We useROCKSTAR (Behroozi, Wechsler, and Wu 2012) to nd all haloes with mask0*?>M
and replace the particles in each halo by a spherically symmetric NFW pro le with baryonic mod-
i cations determined by the chosen values of the four parameters. We note that the morphological
differences between the haloes in thebody simulations and spherical NFW haloes is not statis-
tically signi cant, when compared to the uncertainties of the power spectrum and peak counts in
an HSC-like survey (LH21).

The three-dimensional simulation box of each snapshot is then cut into8ireé Mpc thick
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slabs and each slab is projected into a two-dimensional lens plane. We calcd236é a4096
potential map of each lens plane by solving a two-dimensional Poisson equation. Then, we ray-
trace through a series of potential maps fron¥ 0 to | = 1 to obtain the total accumulated
de ections, and to generate one realization of the corresponding convergence map. In this study,
this process of ray-tracing is repeated 2048 times for each cosmology (increasing from 1280 in
LH21). Each pseudo-independent realization has its unique way of randomizing the potential maps
(rotating, ipping, and shifting the lens planes) and its choices of random baryonic parameters.
The randomization are kept the same across all cosmologies, i.eBthhealization of every
cosmology shares the same baryonic parameters and the same rotation, ip, and shift. The same
set of baryonic parameters for all cosmologies makes the interpolation of the statistics between
cosmologies easier.

The raw noiseless convergence maps have a resolutidf4sd 2048pixels, and a eld of
view of 355 35 ded (corresponding to the linear size of the box at the highest redshit,
1). We add shape noise to each pixel of the map following a Gaussian distributierO¢f =
f n-pm), wheref , = 044 is the mean intrinsic ellipticity of galaxies angx the area of

the pixel. Finally, we smooth the map withlarcminGaussian lter.

4.2.3 Convolutional neural network
Architecture

In this study, our CNNs tak&12 512 convergence maps as the inputs, which are down-
sampled from th048 2048map by averaging 4 patches. Accordingly, the resolution of the
maps is reduced fror@e8 pixel arcminto 2+4 pixekarcmin This down-sampling step loses very
little information because the maps are already smoothed on a schbra@hin but it brings the
advantage of signi cantly speeding up the training and evaluation of the CNNs.

The CNNs consist of three parts in series. The rst part of the network transforms the input
(ab512 512convergence map) into any, 125 125image (meaning 425 125image with

=ch channels) through two convolutions. The convolutions are applied to every other pixel on
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Figure 4.2: The architecture of the residual block. Bnhe 3 convolution layers have the same
number of output and input channels. The input image is padded by one pixel on each side before
convolution, so that its dimension is preserved.

the images, so the width and height of the output are approximately half of the input, and each
channel in an output image corresponds to a kernel in the convolution. The second part consists of
a sequence Ofjayer residual blocks (He et al. 2016), where the operation of each block preserves
the dimension of the image. The structure of the residual blocks is shown in Fig.4.2. A residual
block contains a skip connection, which provides an alternative path for the input image to bypass
the convolutions and enable the network to learn effectively even if it is very deep (with many
residual blocks). The third part transforms the image into six numbers corresponding to the two
cosmological and four baryonic parameters, again through a number of convolutions. The structure
of our CNNs is shown in Table 4.2. Note tha}, and=ayer are considered two hyper-parameters

of this architecture, i.e., different networks can be constructed by choosing different vakggs of

and=jayer. For the results in Section 4.3, we employ a network wifr = 10and=c, = 64 (called
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Layer Kernel size Stride Output dimensions

(Input) 11 512 512
Convolution 5 5 2 1= #2°0 254 254
Convolution 5 5 2 =h 125 125

Residual block

Residual block =h 125 125
Pooling 2 2 2 =h 62 62
Convolution 3 3 1 12=° 60 60
Pooling 2 2 2 2= 30 30

Convolution 3 3 1 14=4° 28 28
Pooling 2 2 2 14=4° 14 14

Convolution 3 3 1 18=° 12 12
Pooling 2 2 2 18=®° 6 6

Convolution 3 3 1 116=4° 4 4
Pooling 4 4 116=4° 1 1
Linear 256
RelLU 256
Linear 6

Table 4.2: The architecture of the CNNs. Hexg (number of channels) angayer (number of
residual blocks) are hyper-parameters. Convolution layers, except those in the residual blocks, are
implicitly followed by batch normalization layers and then ReLU layers. See text for a detailed
description.
themain networl, and the results with other choices are discussed in Section 4.4.2.

We adopt the recti ed linear unit (ReLU, de ned &8 @ = maxf GBg) activation functions
for our networks, and before most of the activation layers, we insert batch normalization layers
(re-centering and re-scaling the inputs) to improve training speed and network stability (loffe and
Szegedy 2015). The loss of our network is chosen to be the mean-squared error (MSE) between
the outputh; (8 = 1-2— e« +6) and the true parameters after re-scalingel¥on a logarithmic
scale (called théarget9 used for generating the input magp
G

1\ % (4.1)
&1

I
ol

For m andf g, we take their logarithms to be the targets. For the four baryonic parameters,

we take their logarithms and re-scale them from the prior$)td%as the targets. By doing these
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transformations, we make the ranges of all the targets have widths of about unity, and they also have

similar standard deviations (all of the parameters contribute to the loss function roughly equally).

Training and testing

Figure 4.3: An illustration of how we obtain the summary statistics, including the predictions by
the trained CNN, from each convergence map in the test set. The results are then used for parameter
inference as explained in the text.

To make a fair evaluation of the performance of the network, we need to split all convergence
maps into two setsthe training set from which the network learns, aride test setfor which
the network makes predictions, which we then use to calculate posteriors on the parameters. In
addition, the information that is shared between the two sets should be minimized. In this study,
we put the rst 1024 maps in each cosmology into the training set and the remaining 1024 maps
into the test set. Since we keep the randomization of the potential planes the same when generating
the 8th convergence map in all cosmologies, this method of splitting ensures that the network is
tested on light-cones that have never been seen during its training.

We use the stochastic gradient descent optimizer (momentum parddgrete) to train the
network for 30 epochs, and each batch contains 75 sample maps (one from each cosmology). We
set the initial learning rate tb0 2, lower it to 10 3 after 20 epochs, and lower it againt® 4 after
5 more epochs. Since the cosmological and baryonic parameters are invariant to the rotation and
ip of the maps, we augment each map by randomly rotating and ipping it during the training.

We also add random shape noise to the maps, so that the same map looks different to the network
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every time it is sampled. The training runs were performed on the NSF TACC Frontera cluster,
with each run typically taking four hours using four Quadro RTX 5000 GPUs, although this run
time varies with different network architectures.

After training, we use the network to make predictions of cosmological and baryonic parame-
ters. For each map in the test set, we add the same amount of shape noise (but with an independent
realization) as in the training, down-sample it to the network’s input resolufag ( 512), and
make eight copies of the map by rotating and ipping. We apply the trained network to each of
these, and take the average of the eight predictions. An illustration of this process is shown in

Fig. 4.3.

4.2.4 Lensing power spectrum and peak counts

In addition to CNNs, we evaluate two commonly used statistics, the power spectrum and the
peak counts, on the convergence maps. We compare their ability to constrain the parameters to
that of the CNNs, and also use them in conjunction with the CNNs. We calculate the power
spectra from the Fourier transforms of the maps, taking the values in 18 equally spaced bins within
the multipole rangedd00 Y Y 120000n a logarithmic scale. The upper limit of= 12-000
corresponds to an angular scale ofl arcmin the scale on which we smooth the convergence
maps. We take the logarithm of the power spectrum in each bin to be the observable for parameter
inference. The peak counts of each map are de ned as the number of peaks (i.e., pixels whose
convergence* are higher than the convergence of their eight neighboursiipgm each of 18
A bins, which are equally spaced withi®03 Y ~ Y 015, Since the mean and variance of the
number of peaks in each bin vary by orders of magnitude, we take the logarithm of each peak count

to be the observable.

4.2.5 Parameter inference

For the purpose of parameter inference, we note that the output of a neural network can be

regarded the same as a pre-speci ed statistic, such as the power spectrum or the peak counts. That

83



is, we consider the predictions given by the network to be the values of a statistic, regardless of
their connection to the underlying parameters. This method has been used in our previous studies
(e.g. Gupta et al. 2018; Ribli et al. 2019; Matilla et al. 2020). Thereforgtanastic mentioned
below can refer to the output prediction by a network or its combination with other statistics.

Given a summary statistic witB observables, we model the likelihood of observings a

multidimensional Gaussian distribution:

21yj\0 / %exp % yié1ly - (4.2)
y=y yh°- (4.3)
dgi= 3 2c1 (4.4)
#
C= % Csim®  m—fa°— (4.5)

where\ denotes the underlying cosmological and baryonic paramétetise number of realiza-
tions to estimate the covariand€sand surveythe area of a hypothetical mock survey. Following
LH21, the factort# 3 2°«1# 1°is included to make the estimation of the precision matrix
€ 1 unbiased (Hartlap, Simon, and Schneider 2007). We remove the randomness caused by the
sampling of shape noise by taking egéh® to be the average value of the observables calculated
from 36 independent shape noise eld realizations.

To extend the likelihood from the 75 discrete sampled cosmologies to the eptiré g space,
we interpolate the expected valyé&\ ° in two steps: (1) we t a second-degree polynomial on
the four baryonic parameters for each cosmology, and (2) the values between the cosmologies
are interpolated linearly with Delaunay triangulation. When compared to tting a polynomial
globally (as is used in LH21), this method improves the estimation of distributions near the edge
of the ., f g space, while it does not differ from LH21 near the ducial cosmology. As for
covariances, it has been found that their dependencies on baryonic parameters are much weaker
than those on cosmological parameters over the ranges of posteriors (LH21). Therefore, we assume

the covariances to be constant across different baryonic parameters following LH21; we estimate
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the covariances for each cosmology and interpolate them linearly with Delaunay triangulation.

We use Bayes' theorem to estimate the posterior distribution gfven a mock observation
at the ducial parameterg?\ o°. We take log-uniform priors on all paramete@®2 Y ., Y 06,

044 Y fg Y 11, and the range of baryonic parameters are shown in Table 4.1. We sample the
posterior with a Monte Carlo Markov chain aff steps (identical to LH21), which is suf cient
for the chains to converge.

To validate our modelling of the likelihoods of the CNN's predictions as multidimensional
Gaussian distributions, we generate 128 convergence map realizations at the ducial cosmological
and baryonic parameters and test the normality of CNN's predictions (using our main network) on
those maps withrq = 20 arcmin?. Mardia’s test (Mardia 1970) for kurtosis and skewness gives
?-values of 0.48 and 0.15, and the BHEP test (Baringhaus and Henze 1988) ¢iwesue of
0.64, none of which rejects the hypothesis that the predictions are normally distributed. A similar

conclusion has also been found by Gupta et al. (2018) for cosmological parameters only.

4.2.6 Evaluation metricg:sy and( g

Similarly to LH21, we measure the level of constraining ability quantitatively through the area
( enclosed by the credible contours containing 68% of the total likelihood (here#ftaréa”) in
the . fgplane.( refers to this area with all baryonic parameters marginalized over, and
is the area in the conditional distribution with the baryonic parameters xed at their ducial values.
Additionally, we calculate the ratio of these two aréag*( ¢ as an indicator of the degradation
caused by the uncertainties in the baryonic parameters.

Here, we note a complication when the concept gfis applied to our CNN. There are two
different ways of xing baryonic parameters: (1) training the network to predict both cosmological
and baryonic parameters and xing the baryonic parameters within the posterior distribution, and
(2) training the network to predict cosmological parameters only with a set of maps with xed
baryonic parameters. We take the former approach because it reuses the networks that we have

already trained, and it does not require additional maps to be generated. Using the same network
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between( s, and( ¢ makes the comparison between them more direct and makes the evaluations
consistent across all statistical methods. Additionally, we expect that xing baryonic parameters
during the training is effectively the same as not considering baryonic effects at all in terms of the
1f area, because only,, andf g are causing changes to the maps in both cases. This case has

already been investigated thoroughly in prior work (e.g., by Ribli et al. (2019)).

4.3 Results

4.3.1 Predictions by the CNN

In this section, we inspect the performance of our main netwagkef = 10—z, = 64), by
looking at its parameter predictions. The network is trained three times, each from a set of maps
with a noise level of 20, 50, dk00 arcmin?. In Fig. 4.4, we show the predictions of cosmological
parameters against the true values (i.e. the “ground truth”, used in generating the maps). Each data
point corresponds to the average over the 1,024 predictions for the same input cosmology, with the
baryonic parameters ranging across the whole prior. The error bars show the standard deviation
over these 1,024 realizations. We nd two main features from Fig. 4.4. First, as the shape noise
decreases, the spread of predictions within each cosmology generally decreases, and the mean
predictions get closer to the true values. This shows that our network indeed learns the correlation
between the maps and the cosmological parameters—when more information is available, it can
make both more accurate and more precise predictions. Second, the predictions tend to be lower
than the true value at highy,, and they are higher at low, (this also applies td g but is less
noticeable). We note that this is a common behavior of neural networks. The reason is that neural
networks learn the prior distribution of the true values, and when the information is insuf cient,
predicting towards the center of the prior is bene cial in reducing the loss. Nevertheless, these
biased predictions will not bias the estimation of posteriors because they are not directly used (see
below). These two features were also found by Gupta et al. (2018) and Ribli et al. (2019) with
different network architectures. We also nd that the spreads are more even (i.e., the error bars in

Fig 4.4 are of similar sizes) across the cosmologies in our result compared to Ribli et al. (2019),
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Figure 4.4: The values of ,, andf g predicted by the networks, trained with and tested on three
shape noise levels (with noise decreasing to the right). Each point in the panels represent the aver-
age over the 1,024 predictions within the same cosmology, with the baryonic parameters spanning
the full range of their priors. The error bars correspond to the standard deviation over these real-
izations. The dashed lines mark the predictions matching the true input values.

possibly due to our training including additional baryonic parameters.

In Fig. 4.5, we show the predictions of each baryonic parameter (with the other baryonic pa-
rameters being free) by the network in the ducial cosmology age 50 arcmin 2 Itis apparent
that our network learn§ ¢ and" 19 much better thafi andV. Here, we quantify the level of
learning by tting a straight line to the predictions. We nd that the slopd a$ only 8f away

from zero, and the slope of is consistent with zero. A slope of zero means that the network is

unable to learn the relationship between the maps and the parameters — it keeps the loss low by
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Figure 4.5: The baryonic parameters predicted by the network in the ducial cosmolegy=at

50 arcmin?. The parameter values are re-scaled on a logarithmic scale from their pridrsiié

The solid line in each panel shows the best linear t, with the slope indicated in the lower right
corner. The dashed lines mark the predictions matching the true input values.

predicting random values close the center of the prior.

4.3.2 Posterior distributions

In Fig. 4.6, we show the posterior distribution of cosmological and baryonic parameters in
an HSC-like survey (survey = 1500 ded—3 = 20 arcmin?) with MCMC sampling as described
in 8 4.2.5. In terms of constraining cosmological parameters, the performance of our CNN is
better than the power spectrum and the peak counts, which is shown in,thef g panel of
Fig. 4.6. We list thelf areas andy*( ¢ derived using different methods in Table 4.3. We
nd that when the baryonic parameters are xed, our CNN achiev2sl @ times lower( ¢4 than
the power spectrum, which proves that our CNN can ef ciently extract non-Gaussian information
from WL maps. Similar levels of improvements have been found in previous studies (with different
networks): Ribli et al. (2019) have found this ratio to2sé 2.8 at a noise level 30 arcmin 2, and
Fluri et al. (2018) have found it to be 25 at a noise level ol5 arcmin? and a map smoothing
scale oflel17arcmin On the other hand, when we marginalize over baryonic parameters, the
advantage of the CNN over the power spectrum narrows to a factor of 1.66, meaning that baryons
have a greater negative impact on the CNN (this can also been seen from the CNN having a higher

(runs(q)-

In terms of constraining baryonic parameters, our CNN does not outperform the power spec-
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Figure 4.6: The posteriors of cosmological and baryonic parameters in an HSC-like survey area
and galaxy density. The thick and thin contours showlhe(68%) and2f (95%) credible re-

gion respectively, and the black crosses and lines show the ducial values of the parameters. The
green/blue/red contours correspond to posteriors derived from the power spectrum, peak counts,
and the ducial neural network, respectively. The neural network outperforms both statistics.

trum and the peak counts overall. While our CNN's constraint$ grand" 1 is tighter com-

pared to the other two methods, the marginal posterior distributioisanfd V by the network

only weakly prefer the ducial baryonic parameters. This result is consistent with our nding with
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the directed predictions by the network. In this study, we fgiglky and[ and de ne(y and( ¢

similarto ., andf g to quantify the ability of these methods in constraining baryonic physics. Our
reason for picking these two parameters is thayp is relatively weakly constrained by external
observations (e.g., Behroozi, Wechsler, and Conroy (2013) sudgests 2 1° 10 M ),

while [ has the greatest impact on WL signals among all baryonic parameters (LH21). The results
are shown in Table 4.3. We nd that our CNN and the power spectrum perform similarly when all
other parameters are xed, and the power spectrum is slighter better when marginalized over the
other parameters (10.4 versus 13.0). The peak counts perform worse than the other two methods

by a factor of around 2 in either case.

4.4 Discussion

4.4.1 Combining CNN predictions with the power spectrum

From the fact that the power spectrum constrdisdV better than our CNN, we know that
the network is missing some of the information that is extracted by the power spectrum. Two
guestions then arise: (1) how much better will the constraints be if we combine the CNN with the
power spectrum, and (2) which part of the Gaussian information, captured by the power spectrum,
is missed by the CNN? To answer these questions, we divide the power spectrum into three ranges:
the large scalelQ0Y Y 400, 5 bins), the medium scald@0Y Y 200Q 6 bins), and the small
scale O00Y Y 1200Q 7 bins), where = 400and = 2000corresponds to angular scales of
around30 arcminand 6 arcminrespectively. We calculate the posterior from the combination of
CNN predictions and certain ranges of the power spectrum; the res(@jtingnd( 4 are shown
in Table 4.3.

First, we nd that adding the full power spectrum to our CNN only improggsby 10% This
indicates that without the in uence of baryonic physics, the CNN can extract almost all Gaussian
information. Second, adding the power spectrum to our CNN improygdy a factor of 2.2, and
(fun*( g reduces fromfrom 4.70to 2.41, making the statistics much less affected by the uncertainty

in the baryonic physics.
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These ndings can be understood from two different perspectives: (1) the CNN is less ef -
cient in extracting information from medium and large scales with the presence of baryons, so its
constraints can be augmented by the power spectrum; or (2) the degeneracies between the cos-
mological and baryonic parameters are different from the CNN and from the power spectrum,
so combining them enables us to break these cosmology-baryon physics degeneracies and obtain

tighter constrains on all six parameters.

4.4.2 Alternative network architectures

Network m fsg
=ch Zayer (fun (d  (run*(d
32 5 1.99 0.29 6.87
32 10 1.87 0.26 7.15
32 15 1.83 0.28 6.56
64 5 1.87 0.28 6.65
64 10 1.62 0.28 5.85
64 15 1.73 0.29 6.08
96 5 1.79 0.26 6.77
96 10 1.90 0.27 6.99
96 15 1.66 0.26 6.29
Ribli 2.63 0.36 7.38

Table 4.4: Thelf areasin  fg space, assuming a survey withyrey = 1500 ded and

=g = 50arcmin 2 and exploring different CNN architectures. The values@tind=ayer determine

the architecture of the network. “Ribli” denotes an architecture derived from the network used in
Ribli et al. (2019). Our ducial network is shown in boldface.

In this study, we have tested several variants of the ducial network used in § 4.3. In Table 4.4,
we list thelf areain ,, f gspace from the constraints by various networks, spanning different
combinations oFjayer = 5-10-15 and=cy = 32-64-96, and the network used in Ribli et al. (2019)
(with the number of outputs in the last layer increased from two to six). The training of all these
networks are kept the same, except that the network derived from Ribli et al. (2019) was trained
with the learning rate schedule described in their article.

Across all of the networks we tested, the best-performing (in ternfgpfin ,, fg) ones

are ch = 64— Fayer = 10) and Ech = 96-FRyer = 15), with all others (except Ribli et al. (2019))
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performing very close to them (within 20%). The networks with=¢, = 96 generally perform
better in( 4, but they are similar te, = 64in (7. The network derived from Ribli et al. (2019)
performs 50%worse compared to the other networks with or without baryons, but we note that

their architecture and learning rate schedule was optimized for predicgirandf g only.

4.4.3 \Various Learning rates

m f 8
(fur (a (rn*(Cad
0.001 246 0.32 7.78
0.002 1.84 0.31 5.86
0.005 1.82 0.29 6.30
0.01 1.62 0.28 5.85
0.02 2.03 0.25 8.25

Learning rate

Table 4.5: Thelf areasin , fg space {500ded-50arcmin?) from the ducial network,
trained with various initial learning rates. The default learning rate, used in prior gures, is shown
in boldface.

The learning rate of the network during the training determines the size of each gradient descent
step. Conceptually, this step size controls the speed at which the network learns; the network may
take too much time to converge at a too-low learning rate, and it may oscillate around the minimum
at a too-high learning rate. To investigate how the learning rate affects the performance of the
networks, we scale the learning rate up and down relative to schedule described in § 4.2.3 (the
initial learning rate i0«01), and the results are shown in Table 4.5. We nd that as the learning
rate increases from 0.001 to 0.¢Z; always decreases, whi{ decreases initially (up t@+08)
and increases once the learning rate rea0ks

To explain the different behavior ¢fy and (s, we evaluate the loss of the network on the
cosmological and baryonic parameters separately. As shown in Fig. 4.7, a larger learning rate
improves the predictions on the cosmological parameters, but the predictions on the baryonic pa-
rameters degrade when the learning rate is greaterG#@). We note that the quality of both
sets of predictions affec(sy : the former does it directly, and the latter does it through the degen-

eracies between cosmological and baryonic parameters. We speculate that an appropriate learning
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Figure 4.7: Mean square error of the predicted parameterrms as a function of the learning rate dur-
ing the training of the network. The upper panel shows the average error of the two cosmological
parameters, and the lower panel shows that of the four baryonic parameters (re-scaled from their
prior to fall in the range0-1%.

rate (e.g. 0.01 for our task) should balance the quality of prediction on both cosmological and
baryonic parameters. A lower learning rate leads to not being able to learn cosmological param-

eters suf ciently, while a higher learning rate likely misses minor differences between the maps

with different baryonic parameters.

4.4.4 Dependence on shape noise level

We test the performance of our CNN and the power spectrum using three different sets of maps,
with three different noise levelgy = 20-50-100 arcmin?, where three separate training runs were
performed with each of the levels. In all cases, the CNN outperforms the power spectrum by a

factor of 16 and 2 for (s and( 4 respectively. Similar to the power spectrum, the CNN
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= f
Method 9 m '8
aremin?  (qr (g (rune( d

CNN 20 208 044 470

CNN 50 1.62 0.28 5.85

CNN 100 1.37 0.21 6.53
Power spectrum 20 3.45 0.93 3.71
Power spectrum 50 2.70 0.56 4.80
Power spectrum 100 219 042 5.22

CNN, Power spectrum 20 0.96 0.40 241
CNN, Power spectrum 50 0.71 0.23 3.09
CNN, Power spectrum 100 0.67 0.17 3.87

Table 4.6: Thelf areasin , fgspace for @500 ded mock survey by the main network and
the power spectrum at different noise levels (speci ed by the galaxy number degsity

is more affected by the baryons at lower noise levéigi ¢ ( ¢ increases from 4.70 to 6.53). This

is most likely due to the fact that the extra information available on small scales is mixed more
heavily with the baryonic effects and is obscured by these effects. The performance improvement
by combining the CNN with the power spectrumli@ 20%for ( ¢ and a factor of 2 for (|

regardless of the noise level, similar to what we have found in § 4.4.1.

4.4.5 Interpolation errors

Figure 4.8: The interpolation error of each observable divided by their uncertainties across different

convergence map realizations. The errors are calculated at the ducial cosmological and baryonic
parameters witkrg = 20 arcmin 2.
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To test the accuracy of the interpolation of the observables between discrete cosmologies, we
interpolate the observables with all cosmologies expect for the ducial one and reconstruct the
values at the ducial parameters; we then estimate the interpolation error by the difference between
the reconstructed values and the true values. We nd tha at 20 arcmin?, the interpolation
errors of the power spectrum and peak counts. at&o of the uncertainties (across convergence
maps), and those of the CNN is less thar2%, as are shown in Fig. 4.8. Similar interpolation
errors were also found in previous studies; e.g., see Liu et al. (2015) for power spectrum and peak
counts using a Gaussian process. Assuming a survey Withey = 1500 deg, the j 2 associated
with the interpolation errors of power spectrum, peak counts, and CNN are 0.33, 0.30, and 0.77,
respectively. We note that with the ducial cosmology present, the interpolation errors around it
are expected to be lower than the values estimated above, due to shorter distances to the nearest
cosmology. Therefore, we conclude that the process of interpolation is not a signi cant source of

systematic error.

45 Conclusions

In this study, we tested the ability of CNNs to constrain cosmological parameters from WL
convergence maps, simultaneously with baryonic effects. We modeled baryonic physics with a
baryonic correction model (BCM), applied to the matter distributions in a suitelobdy simula-
tions to account for the changes in the density pro les in and near dark matter haloes. We proposed
an architecture of the CNNs that consists of convolutions and residual blocks. We built a ducial
network with 10 residual blocks and 64 channels and trained it on a suite of simulated convergence
maps (the training set). We then tested it on a new suite of of simulated maps (the test set) to obtain
predictions and posteriors on both the cosmological and the baryonic parameters.

In an HSC-like survey, our CNN outperforms the power spectrum by a factor of 2.10 when
the baryonic parameters are xed and by a factor of 1.66 when we marginalize over baryonic
parameters, in terms of thHF area in ,, fg space. This shows that the CNN is capable of

extracting non-Gaussian information from the convergence maps. When compared to using peak
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counts, a popular non-Gaussian statistic, the CNN achieves tighter constraints by a factor of 2.83
and 2.14 respectively, which means that the CNN is more ef cient in extracting non-Gaussian
information than peak counts, even in the face of large uncertainties in baryonic parameters.

When combining the CNN with the power spectrum, the constraint is tighter by a factor of
22 when marginalizing over baryonic parameters compared to using the CNN alone, and the
degradation caused by the baryofg(* ( ) decreases from a factor of 4.70 to 2.41. We nd that
the performance of the CNN depends on the initial learning rate—a learning rate that is too high
or too low degrades the performance. We also investigate the impact of two hyper-parageters
and=jayer, the number of channels and layers in the network, but nd these to be relatively weaker.
Similar to the power spectrum, the CNN vyields a tighter constraints at lower noise levels, but the
impact of baryons is then correspondingly greater.

It should also be noted that the inclusion of baryonic effects leads to a shift in the cosmolog-
ical constraint. Fluri et al. (2019) have found that when reasonable parameters are taken for the
baryonic physics, the constraint ¢g will shift by 5% base on KiDS-450 data. With our results
of CNN posteriors aty = 20 arcmin? ((g = 0804 0009, a similar shift implies &f bias if
baryonic effects are ignored. It means that modelling of baryonic effects (like BCM) is necessary
for HSC-like and larger surveys.

We end by noting two signi cant caveats in this study. First, it remains to be proven thata BCM
such as the one considered here can accurately describe the impact of baryonic physics. Schneider
and Teyssier (2015) and Arico et al. (2020) have shown that the BCM can recover the power spec-
tra of various hydrodynamical simulations, but whether the BCM can emulate the non-Gaussian
distribution of the matter on small scales, found in these simulations—and ultimately in the real
universe—remains to be veri ed. Since the neural networks are more prone to systematics due to
their large numbers of free parameters, the accuracy of the BCM is essential to obtain unbiased
constraints. Second, we nd that our CNN can distinguish maps with différerand"” 19, but
nearly incapable to determijeand V. This can be mitigated by combining the CNN with the

power spectrum or adopting narrower priors based on external observations. For example, Ade
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et al. (2013) suggesfs= 0«3 07 based on radial pro les of the gas fractions found in galaxy
clusters, and (Gonzalez et al. 2013) sugg¥&sts0e3 0-8 from the bounded gas fractioh-gg
relation. The possibility of constraining these parameters by a CNN alone can be explored: in-
creasing the number of the convergence maps and experimenting with other network architectures

may facilitate this, and will be addressed in future work.
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Chapter 5: Cosmological constraints from HSC survey rst-year data using

deep learning

5.1 Introduction

According to general relativity, the light originating from a distant galaxy is bent by inhomo-
geneities in the foreground matter distribution, which typically leads to a small distortion to the
apparent shape of the galaxy — an effect called weak lensing. With the measurements of millions
of galaxy shapes, we can reconstruct weighted projections of the matter density in our Universe
and use these to infer the underlying cosmological model. Weak lensing has been proposed to be
a powerful tool to constrain some of the cosmological parameters, such as the mean matter den-
sity  and the normalisation of matter uctuatidry in a cold dark matter (CDM) universe
(see, e.g. Bartelmann and Schneider 2001b; Refregier 2003a; Kilbinger 2015, for reviews), among
many other probes such as the cosmic microwave background (e.g. Hinshaw et al. 2013; Aghanim
et al. 2020) and baryon acoustic oscillations (e.g. Anderson et al. 2014; Alam et al. 2017). The
current weak lensing surveys are referred to as the “Stage IlI” surveys, such as the Dark Energy
Survey (DES; Abbott et al. 2016), the Hyper Suprime-Cam (HSC) survey (Aihara et al. 2018b),
and the Kilo-Degree survey (KiDS; Kuijken et al. 2015). Due to their large survey area and depth,
these surveys are currently able to yield constraints on the parafeetet e 0:3°%°f g with
. 5 percent relative error (see e.g. Hikage et al. 2019; Hamana et al. 2020; Heymans et al. 2021;
Abbott et al. 2022).

In general, cosmological parameters are constrained by tting the observation to a theoretical
model through some summary statistics. The most widely used of these are two-point statistics
such as the two-point correlation function (2PCF) and the power spectrum of the lensing shear,

which are considered optimal in extracting Gaussian information from weak lensing signals (see
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e.g. Fu et al. 2014; Kohlinger et al. 2016; Hikage et al. 2019; Hamana et al. 2020; Heymans et al.
2021; Abbott et al. 2022). One limitation of these two-point statistics is their inability to fully
utilise non-Gaussian information on small, non-linear scales (below a few arcmin). Hence, many
non-Gaussian summary statistics have been proposed and shown certain improvements over the
2PCF and power spectrum, e.g. three-point functions (Takada and Jain 2003; Vafaei et al. 2010),
bispectra (Takada and Jain 2004; Dodelson and Zhang 2005), peak counts (Jain and Van Waerbeke
2000; Dietrich and Hartlap 2010; Kratochvil, Haiman, and May 2010; Kilbinger 2015; Liu et al.
2015; Martinet et al. 2018), and Minkowski functionals (Munshi et al. 2011; Kratochvil et al. 2012;
Petri et al. 2013).

An alternative approach to extracting information from weak lensing signals is to use machine
learning, where an algorithm is designed to identify features from the signal, usually in the form of
lensing shear maps or convergence maps, and uses them to estimate the parameters. Convolutional
neural networks (CNNs; LeCun et al. 1998) are considered one of the promising methods due to
their success in image classi cation and object detection tasks (Krizhevsky, Sutskever, and Hinton
2012; He et al. 2016; Ren et al. 2015; Redmon et al. 2016). In the context of weak lensing,
multiple recent studies have investigated the use of CNNs (with different network architectures)
and shown that they can outperform handcrafted summary statistics. Using suites of idealised
noiseless simulated convergence maps, Gupta et al. (2018) showed that the CNN achidved
constraints that are ve times tighter than those from the power spectrum. Ribli et al. (2019)
found 2+4 2¢8 times tighter constraints from the CNNs than the power spectrum on noisy maps in
an LSST-like survey. In the rst application to real observations, Fluri et al. (2019) analysed the
KiDS-450 survey and derived a 30 percent improvement in constrairyriyy using the CNNs
compared to the power spectrum. Fluri et al. (2022) subsequently found a 16 percent improvement
using KiDS-1000 data.

Despite yielding tighter constraints, using CNNs to extract information from weak lensing
signals comes with two challenges. First, we need to establish a pipeline to simulate the lensing

shear maps or convergence maps. Usually, a large number of cosmological simulations that cover
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the whole parameter space need to be run, and mock lensing maps that match the target survey
are generated from them. This is unlike the 2PCF and power spectrum, for which theoretical
predictions can be calculated from the non-linear matter power spectrum calibrated by a small
number of simulations (e.g. Kilbinger et al. 2009; Takahashi et al. 2012). Second, since we have
very little control over what features the CNNs are focusing on, we need to carefully account for
the systematic effects on a pixel-by-pixel level so that the CNNs will not make predictions based
on features that are wrongly presented in the simulated maps.

In this study, we perform weak lensing analyses applying CNNs to data from the HSC Subaru
Strategic Program (HSC SSP; Aihara et al. 201887 ded of galaxy shear measurements are
currently publicly available from this survey. In our simulation pipeline, we produce mock shear
catalogues and convergence maps based on a#atgsly simulation suite, which then incorpo-
rates systematic effects including the intrinsic alignments, baryonic effects, photometric redshift
estimation uncertainties, shear measurement biases, and point spread function (PSF) modelling
errors.

This paper is organised as follows. In Section 5.2, we describe how we prepare the HSC rst-
year catalogue, as well as the generation of mock catalogues from the simulations by Takahashi
et al. (2017) (T17 hereafter). In Section 5.3, we present our own simulation pipeline in detail,
including the# -body simulations, ray-tracing, baryonic model, intrinsic alignments, and treat-
ments of other systematics. In Section 5.4, we describe the calculation of conventional summary
statistics—power spectrum, and peak counts—and the CNNs, which we argue can be regarded as
a different type of summary statistic. We then describe the process of parameter inference using
Bayesian analyses in Section 5.5, and we present the cosmological constraints using various mod-
els in Section 5.6. In Section 5.7, we discuss the impact of CNN hyper-parameters, the choice
of smoothing scale, the origin of non-Gaussian information, and we compare our constraints to

Planck 2018 results. Finally, we summarise our main conclusions in Section 5.8.
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Figure 5.1: The galaxy number density in the HSC rst-year shear catalogue. The red squares
shows the 19 sub- elds cropped from the catalogue and used in forward modelling with our ray-
tracing simulations.

5.2 catalogue preparation

5.2.1 HSC rst-year catalogues

The cosmological inference in this work is based on the HSC rst-year shear catalogue pre-
pared by Mandelbaum et al. (2018a). Apart from masked regions due to bright stars, the catalogue
covers1369 ded of sky area with an unweighted galaxy number densit@4%6 arcmin ? (Man-
delbaum et al. 2018a), as is shown in Figure 5.1. To facilitatefotmody simulation and ray-

tracing pipeline, we crop 19 sub- elds from the catalogue, each of which can be projected onto a
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Figure 5.2: The relation betweaphor_AB Ipestand the assigned ray-tracing redshifgsfor
each redshift bin. The light grey shade in each bin shows flie | range aroundl;; = I pest

3 3ded map using the at sky projection (Coxeter and Coxeter 1989; Liu et al. 2015):

G = AlcosUsintX X°— (5.1)
H = AlicosUpsinU sinUpcosUcostX %% — (5.2)
A = sinUgsinU, cosUycosUcos X X°— (5.3)

wheretU-Xis the IRA-Dec coordinate of the galaxy,Uy— ¥° the center of the sub- eld, and
1G-Hhe projected position of the galaxy. Figure 5.1 shows the boundaries of these sub- elds in
red squares.

To perform tomographic analyses, we gather the photometric redshifts (phoitthe galaxies
from the HSC photd-catalogue (see Tanaka et al. 2018). Following Hikage et al. (2019), we put
the galaxies between= 03 and| = 15 into four equally-spaced redshift bins according to their

ephor_AB Ipestfrom the catalogue. The galaxies outside this redshift range will not be used in
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this paper. Out of 11.9 million galaxies in the original catalogue, 29 percent are discarded by sub-
eld cropping (5 percent) and redshift binning (24 percent), leaving us with 8.5 million galaxies.

Additionally, our pipeline is dependent on the redshift distribution of the galaxies within each
bin. Note that although thb,es; estimations are considerdestfor individual galaxies, the dis-
tribution of all I hest €Stimations is a biased estimate of the true redshift distribution, which can
degrade the cosmological constraints (see e.g. Abruzzo and Haiman 2019). To address this issue,
we adopt the COSMOS (Laigle et al. 2016) re-weighting method from Hikage et al. (2019) to
get reliable redshift distributions. The weighted COSMOS pHotatalogué includes 30-band
photod estimations, much more accurate than the HSC 5-band photd-they are only available
for a small number of galaxies compared to the full shear catalogue. So each of those galaxies
is assigned a weight such that the colour magnitude distribution of all galaxies matches that in
the rst-year shear catalogue. For th¥ redshift bin (L = 1-2-3-4), we pick the representative
galaxies that are both in tHé" bin and in the COSMOS catalogue, and we consider their weighted
30-band photd-distribution to be a good estimation for the true redshift distribufigh °.

With I pestand?111°, we now assignay-tracing redshiftgl ;) to the galaxies with the following
steps. First, we randomly sample candidatel ,; values from?111°, where# is number of
galaxies in the bin. Then, tr#" lowestl; is assigned to the galaxy with tt#8 lowest | pes: for
8= 12— —#. Such assignments ensure that the distributiohafeproduces the true redshift
distribution of galaxies within the bin, and sintg has the same ordering &gs; the distance
information is partially retained. Figure 5.2 shows the mappings frggqto |;. Compared to
an alternative approach where theare assigned randomly without consideripgs; we nd the
difference in the statistical properties of the lensing signal to be negligible for HSC rst-year data

according to our tests.

https://hsc-release.mtk.nao.ac.jp/doc/index.php/s17a-wide-cosmos/
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5.2.2 T17 mock shear catalogues

In parallel with the cosmological analyses on the real HSC data, we perform analyses on mock
catalogues based on thebody simulations and full-sky ray-tracing by T17. The purpose of using
external catalogues is to check the validity of our pipeline—cosmological constraints that are con-
sistent with the mock cosmology suggests correct implementations of our algorithms. Their mock
simulations use a at CDM cosmological model with the following cosmological parameters:

=07, 1 =0279 p=0046 fg=082 == 097.

To generate the mock catalogues, we rst download the rst four realisations of the ray-tracing
simulations with# 5jqe = 8192 which is the highest resolution with multiple realisations available.
For each mock catalogue realisation, we randomly crop 18 ded sub- elds from a ray-tracing
realisation and extract sheads ! W—\W? and convergences at the positionx ! G—Hand
redshiftsl of the galaxies. Since the snapshots in the ray-tracing simulations from T17 are taken
at discrete redshifts, we linearly interpolate between adjacent snapshots to get the shears and con-

vergences at arbitrary redshifts, i.e.

I I [
Ay _ P = g1 AX— P | 8 Aly— | 10— (5.4)
lg1 g lg1 g :
I I I
$ix—p= 81 g1y L 8 gy b 1o (5.5)
|g 1 s |Q 1 s )
wherel g denotes the redshift of th#' snapshot, antls | lg1. This process of randomly

cropping sub- elds and extracting shears is repeated ten times on each ray-tracing simulation,

making 40 T17 mock catalogue realisations in total.

5.3 Simulation pipeline

Conceptually, our simulation pipeline is a forward modelling process that takes a set of param-
eters describing the cosmology, baryonic model, and systematics, and yields random realisations

of weak lensing* maps. The simulated maps have similar statistical properties as the maps from
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Figure 5.3: An overview of our simulation pipeline (green). Some of the operations are also used
in processing real data (yellow).
the real data, so by varying the input cosmological parameters, the distribution of observables from
the simulated maps can be used to constrain the cosmological model of the real Universe. In addi-
tion, we use those simulated maps to train deep learning models that can predict their underlying
parameters, and the trained models can be applied to either another set of simulated maps or the
real maps from the data, in the same way.

Figure 5.3 shows the owchart diagram of our analysis pipeline, and in this section, we describe

each of these steps in detalil.
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Figure 5.4: The cosmological parametérs,—fg® in our suite of# -body simulations, wherég
is de ned ast ,+0:3°%°f 5. The red dot denotes the ducial cosmology, = 0:3—fg = 0+8. The
light blue triangle pattern shows the Delaunay triangulation of the grid used for interpolation.

5.3.1 N-body simulation setup

Our simulation suite consists of 79 DM-on#-body simulations with at CDM cosmology.
Each simulation has its unique pair bf ,—fg°, with the rest of the cosmological parameters
taken to be the marginalised means from the Planck 2018 results (TT,TE,EE+lowE+lengirg):
06736 =5 = 09649 and |, = 0:0493(Aghanim et al. 2020). Our choices for, andf g, shown
in Figure 5.4, are placed along constégtalues, which is close to the best-constrained parameter
combination in most weak lensing analyses. The rd§82 (g 0°966is chosen to cover the
posterior distributions from recent surveys including HSC Y1 (Hikage et al. 2019; Hamana et al.

2020), DES Y1 (Troxel et al. 2018), and KiDS-1000 (Asgari et al. 2021).
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Index Isnap | d Index Isnap J d Index lgsnap ] d

[ 'Mpc] [ 'Mpc] [ Mpc]
1 0.020 60 13 0.579 1500 25 1.413 2940
2 0.060 180 14 0.635 1620 26 1.504 3060
3 0.102 300 15 0.693 1740 27 1.600 3180
4 0.145 420 16 0.753 1860 28 1.700 3300
5 0.188 540 17 0.815 1980 29 1.806 3420
6 0.232 660 18 0.879 2100 30 1.917 3540
7 0.278 780 19 0.946 2220 31 2.034 3660
8 0.325 900 20 1.016 2340 32 2.158 3780
9 0.373 1020 21 1.089 2460 33  2.290 3900
10 0.422 1140 22 1.164 2580 34 2.429 4020
11 0473 1260 23 1.244 2700 35 2576 4140
12 0.525 1380 24  1.327 2820 36 2.733 4260

Table 5.1: The indices, redshifts, and comoving distances ( ducial cosmology) of the snapshots.

For each set of cosmological parameters, wenugsic (Hahn and Abel 2011) to generate the
initial condition of the DM-only simulation altstar: = 50, with 2500 Mpc box size andL024
particles. Then, we usekDGRAV3 (Potter, Stadel, and Teyssier 2017) to evolve the simulation
box from| = 50to | = 0 with 500 time steps. We choose the default schedule for the opening
angle parameteh = 0«4 atl j 20,\ = 055at2 Y | Y 20, and\ = 0s7 atl Y 2, where large
\ means higher force accuracy. We refer the reader to Potter, Stadel, and Teyssier (2017) for a
detailed explanation.

We take 36 snapshots at xed redshifts for all cosmologies betwee®«020and| = 2¢733

as listed in Table 5.1. The redshift;'s?;ap are selected such that their corresponding comoving

distances at the ducial cosmology f, = 03, f g = 0«8) are
j, =18 05° 120 Mpc8=1-2- -36% (5.6)

We note that because the snapshots can only be taken at the end of time steps, the actual redshifts
are lower than the values in Table 5.1. But since the number of steps is large, the deviations are

very small:j 1j 0003andj jj 5 Mpc, which are negligible compared to the estimated

systematic error of photb{see Section 5.3.2).
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Figure 5.5: The thickness of the slab as a function of the slab index gndVvhen , = 03, all
slabs have a constant thicknessad Mpc.

5.3.2 Ray-tracing

In the real Universe, the shape of a galaxy gt distorted by the foreground matter distribu-
tion between = 0 andl = |5 due to general relativityRay-tracingreproduces this process by
tracing the light through the matter distribution from#rbody simulation. Ray-tracing is neces-
sary for cosmological inference from small angular scales, using beyond-Gaussian statistics (Petri,
Haiman, and May 2017). The multi-lens-plane algorithm (Jain, Seljak, and White 2000b; Hilbert
et al. 2009) is a popular implementation of ray-tracing. In this algorithm, the foreground matter
distribution is discretised into multiple density slabs, which are taken from simulation snapshots.
Then, each slab is viewed as a thin plane located at the centre of its thickness. When the light rays
are traced from the observerlat 0to the source galaxies, they only bend at the locations of those
planes.

Given the redshifts of the snapshd)igap we can calculate the desired thickness ofghslab

by

. 18 1 h. 1& 10 . 18 10i
] = > Jsnap Jsnap — (5.7)

where | ;ﬁap denotes the comoving distanceléiap We note that the thickness of the slabs is
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dependent on the cosmology: for the ducial cosmology, the slabs have a constant thickness
of 120 Mpc across all redshifts due to the snapshots being equally spaced in comoving dis-
tance, while for other cosmologies, the thickness at high redshifts can vary8®omMpc to

200 Mpc, as shown in Figure 5.5. We cut two to six slabs from each snapshots along each of
the three axes, depending on the slab thickness. Then, we generate density planes from the slabs
by calculating the column density or8d92 8192grid, followed by generating potential planes
through solving the two-dimensional Poisson equation.

Our implementation of the ray-tracing algorithm strictly follows that presented by Petri et al.
(2013). Each ray-tracing run starts from creating a stack of potential planes, where the plane at
each redshift is randomly chosen, ipped, rotated (in multiple9®1), and translated. We trace
the light ray from the observer towards the direction of each galaxy until its ray-tracing rdgghift

and calculate the total distortion in terms of lensing sh&aaad the convergence

5.3.3 Redshift distribution uncertainty

In Section 5.2.1, we have estimated the redshift distribuigh® using the COSMOS reweight-
ing method and assigned the ray-tracing redshjft® the galaxies, which are used as their source
redshifts in § 5.3.2. While this method addresses the uncertainty of individual redshifts, the un-
certainty of the whole distribution can remain a problem. In Figure 5.2, one can nd systematic
differences betweeephor_AB Ipestandl, suggesting tha?;11° may be systematically biased
along the redshift axis due to our choice of the phiotdgorithm. In addition, the discrepancies in
the averagépestamong various photb-algorithm, even trained with the same COSMOS 30-band
redshift, suggest that photoalgorithms are associated with intrinsic statistical errors (Tanaka et
al. 2018; Hikage et al. 2019; Hamana et al. 2020).

In this work, we follow Hikage et al. (2019) to model the uncertainty in each redshift distribu-

tion. The uncertainty oP,11° is parameterised with a translation by;:

M0 = 2,1 | 40— (5.8)
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Parameter Fiducial value Prior
Cosmological and baryonic parameters

m 03 at within the boundary of simulated cosmologies
fg 0.8 at within the boundary of simulated cosmologies
1A 0 at » 3-3Y
" 33 101 M log-uniform»10t?> M 10 M v,
" 10 863 101 M log-uniform»10*° IM 102 M v,
[ 054 log-uniform »10 %7-10°5Y,
V 012 log-uniform »10 10-10°%Y,
Nuisance parameters
I GaussiarN 1000282
P GaussiarN 1000132
I3 GaussialN 1 0-0-0382
l4 GaussialN 1 0-0:0376
< GaussiarN10-0-01°
Upst GaussiarN 100300013
Vpsf GaussiaN1 0e89-0¢70°

Table 5.2: The prior distributions of all parameters.

and hence,

e =1, 11— (5.9)

where 71 11° denotes the redshift distribution without the overall redshift error, lanthe ray-
tracing redshift sampled frorfd;11°. The priors of 14 follow normal distributiondN*0-f |,°,
and Hikage et al. (2019) have estimated the valuds gf to be: 0.0285@3 Y | Y 0+6), 0.0135
(06 Y | Y 09), 0.0383 099 Y | Y 1+2), and 0.037612 Y | Y 1+5), shown in Figure 5.2.
Hamana et al. (2020) have shown that the two-point correlation function of the HSC rst-year
catalogue cannot provide better constraints dnthan their priors. Therefore, we do not include

|, as free parameters, but instead we simply add randomly sampledalues tol; during

ray-tracing—effectively marginalising over the priors dfs.

5.3.4 Baryonic model

We employ the baryonic correction model (Arico et al. 2020, see also see also Schneider and
Teyssier 2015) to make modi cations to the simulated density elds, mimicking the impact of

cooling, star formation, and feedback during galaxy formation. Other than the baryon density
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parameter p, the BCM has four free parameters: two characteristic halo massasd" 1, the
maximum distancg of the gas ejected from halos, and the logarithmic sipéthe gas fraction

versus halo mass. With the total mass of each halo conserved, these four parameters control the
difference between the density pro le with and without baryons.

The implementation of the BCM in this work is identical to our previous works (see Lu and
Haiman 2021; Lu, Haiman, and Zorrilla Matilla 2022). We brie y introduce the process here, and
we refer the reader to Lu and Haiman (2021) for a detailed description. In the analyses where
the baryonic effects are included, the BCM is applied to the density planes prior to ray-tracing.
In each halo, a xed portion (,* m) of the mass is replaced by the density pro le calculated
with the halo mass, concentration parameter, and baryonic parameters. The ducial values of the
baryonic parameters aré:c = 33 1013 IM ," 19=863 101 M ,[ =054, V=012
and we adopt log-uniform priors for all four parameters with the ranges shown in Table 5.2. Note
that the prior ranges in this work are different from those in Arico et al. (2020), because we use the
constraints by other observations (see e.g. Schneider and Teyssier 2015; Lu and Haiman 2021) as

reference instead of using the best- ts from hydrodynamical simulations.

5.3.5 Simulated ellipticity

A measured galaxy ellipticity presented in the real shear catalogue is the consequence of mul-
tiple factors, with the lensing shears calculated in § 5.3.2 being only one of them. In this section,
we present our method of simulating ellipticities considering the other two major factors—shape
noise and shear measurement biases, as part of the forward modelling process.

Shape noise refers to part of the ellipticity that is contributed by the intrinsic shape of the
galaxy, ignoring the correlation between the intrinsic shapes. In terms of generating shape noise
to be added to the simulated shears, a simple empirical method is randomly rotating the measured
ellipticity e ' 4,—4°. This ensures that (1) the level of shape noise is almost the same as that
in the real catalogue (becauglj | e€j for a single galaxy) and (2) random rotations removes

lensing signals from the ellipticities.
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Shear measurement biases, speci cally the multiplicative kiaand the additive bias

12,—2°, describe the relation between the true sl#4¢ and the measured shegMe?:

$1mez§ =11 ’ <0$1true" . Ce (510)

There are multiple reasons for the existence of shear biases, such as the limitations of the PSF
deconvolution algorithm, or the shape of the galaxy not being correctly described by the model.
Mandelbaum et al. (2018b) have done thorough investigations into shear biases using image sim-
ulations, and they provide andc estimations for each galaxy in the HSC shear catalogue. With
all calibrated biases removed, Mandelbaum et al. (2018b) show that the uncertainty of the residual
multiplicative bias < is controlled at the 1 percent level.

In our pipeline, the simulated ellipticity of a galaxy is calculated following Bernstein and Jarvis
(2002) and Shirasaki et al. (2019), but we neglect the second order terms as we nd virtually no

difference in the produced maps:

'SP — 48gtmea 11, <011 <tot0ﬁ . C— (5.11)
1 imea’ %
R 1 5 g'mea %_ (5.12)
RMSs ' €
<tot <, <sel, <R~ (5.13)

wheree™e® denotes the measured ellipticity in the catalogifée™e® the measured ellipticity

with a random rotationg andc the estimated biases in the HSC cataloglgs the estimated
intrinsic root mean square (RMS) ellipticity in the catalogue, aadhe estimated measurement
error in the catalogue. Following Hikage et al. (2019), the multiplicative biases due to galaxy size
selectiork sqjare 0.0086, 0.0099, 0.0091, and 0.0091 in the four redshift bins respectively {tow-
high-), the multiplicative biases due to redshift-dependent responsivity correstigmase 0.000,
0.000, 0.015, and 0.030 in the four bins respectively, and the nuisance parameaterandomly

sampled from the normal distributidh® 0-0+01°, applied across all simulated ellipticities. A real-
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Figure 5.6: The eld mask, shear map, and convergence map of an HSC sub- eld in GAMAQ9H.
The shear map and convergence map are generated with a smoothing $cake darcmin

isation of the simulated ellipticities can be viewed as a catalogue that have similar characteristics
as the real catalogue, except for the underlying model parameters and a few systematics that need

to be addressed after map conversion.

5.3.6 Shear maps

With the ellipticities simulated for all galaxies in a sub- eld and a redshift bin, we can generate
a3 3ded shear map on 404 104 square grid, and we add 12 pixels of padding on all four
sides of the map to better maintain the lensing signal near the edge during smoothing (see below).
The size of the full map is therefoB69 369 ded with a dimension 0fl28 128 and the size
of each pixel is G= 173 arcmin

In the HSC catalogue, there are regions without galaxies due to bright stars, and we need to

nd this eld mask f ynasktXx° for each sub- eld, which will be used in the generation of shear
maps. Note that the eld mask does not depend on the redshift bin, thus the number density of
the galaxies is high enough for us to calculate the mask at a resoluti@8barcmin i.e. on a

208 208grid fora3 3ded sub- eld. The sub- elds have 10 to 15 galaxies per pixel on average
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among all pixels with at least one galaxy, and based on that, we consider the pixels with fewer than

four galaxies to be covered by the masl,(sk'x° = 1). Then, the eld masks are down-sampled

by a factor of two to the resolution of shear maps, an example of which is shown in Figure 5.6.
The calculation of the shear maps follows the shear estimation procedure as in Appendix 3 of

Mandelbaum et al. (2018a). The value of the pixel centred &t G—Hs

" #
1y O
YT P — S o (5.14)
1, <tot™x® 211 421X
The elds on the right-hand side are de ned as
qr 'x°
1x0 = Fixo ™ (5.15)
© 0 a _—
grtx° = - Feg®, f masktX°hFihgi— (5.16)
«Xe2 1x° =
© o a .
leo = - F) f masklxohzl— (517)
g2 1x° ~
o1 .10
hFi=— Fghgi=— ds (5.18)
# g # g

whereq is one off 4§MS— <ot—C—€0, # the number of galaxies in the sub- eld and the redshift bin,
Fgthe lensing weight of th&8" galaxy in the catalogue, and2 x° means that th&" galaxy is

located in the pixel centred at We further simplify the calculation by assumihg = hei = 0.

Note that due to the second terms in Equation (5.16) and (5.17), the average values (e.g. shears
and biases) are assigned to the masked region of the map s #3and$1x° are well-de ned

on the entire map. When smoothing of the shear map is needed, a Gaussian kernel with standard

deviationf g is applied togr 1x° andF 1x°, e.g.

exp j xj%e2f 2

F1xo° ! dx P
Cl g

Fixg, XO (5.19)

The process of shear map generation from the real HSC catalogue is identical to the that from
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the simulated catalogues. An example shear map from the real HSC data with smoothing is shown

in Figure 5.6.

5.3.7 Convergence maps

We use the Kaiser—Squires method (Kaiser and Squires 1993a) to convert the shear maps from
the previous step to convergence méaps®. In Fourier space, the she®t ° and the convergence
AL 0 gre related by

2
M~ o = 12 Z\W o 2;zzvyl O (5.20)
1

Again, the same conversion is applied to the real HSC shear maps. An example convergence
map from the HSC data is shown in Figure 5.6. All of our cosmological analyses will be done

convergence maps.

5.3.8 Intrinsic alignment

The lensing shear from the ray-tracing method in § 5.3.2 reproduces the interaction between
the light from the source galaxy and the foreground matter distribution and the intrinsic ellipticities
of the galaxies are randomly assigned. But in the real Universe, there can be an intrinsic alignment
(IA) between the galaxies through two mechanisms: (1) galaxies that are physically close to each
other tend to have similar ellipticities (intrinsic-intrinsic, or Il), and (2) a foreground galaxy is cor-
related with a local matter distribution that distorts a background galaxy in the orthogonal direction
(gravitational-intrinsic, or Gl). In this work, we adopt the non-linear alignment model (Hirata and

Seljak 2004; Bridle and King 2007) which predicts the power spectrum of the 1A signal to be

Yali—10 = Oli—10, U l:—I°
= 21j00h8:—0  1]00h1:—|o— (5.21)
where
o 4 ¢ L oV
10 = 1A ;|_dl|0 e (5.22)



In Equation (5.22), |a denotes a free parameter that controls the amplitude of 1A= 5
10 1* 2M Mpc® a normalising constanti!l © the mean matter density of the universe at redshift
I, 1lI° the linear growth factor, antl the weighted average luminosity of the source sample.
Following Fluri et al. (2019) and Hildebrandt et al. (2017), we ignore the redshift and luminosity
dependent terms by settifig= V= 0.

A natural simple choice for the IA-induced convergence eld is linked to the matter distribu-
tion. Speci cally, we follow Fluri et al. (2019) and adopt

1

A= dl 1o oxx— P (5.23)

Where:;1°1I ° denotes the number of galaxies per redshift in thelbiormalised with dI :;1°1I 0=

1, andX!x— |° the density contrast. This IA estimation yields the correct IA power spectrum by
construction and can be easily incorporated into our ray-tracing subroutine. We cafiface
along with$,, *x° for each galaxy. We note thafy and$,, are linearly proportional to |4, and

thus we only need to trace them withy = 1 to getja 1x° and$;, 1x°—results for any other |a

can be inferred via

MATXO = AMATXO=BATX0 = 1aFia X0 (5.24)

In our analyses where IA is included in the model, we modify the calculation of the simulated

ellipticity in Equation (5.11) by doing the following replacement:

2$R | 21$, |A$’|A0R.
1~ 17 a%a°

5

(5.25)

5.3.9 PSF error

The shape of a galaxy when observed by a ground-based telescope is contaminated by effects
like atmospheric disturbances and instrument characteristics. They can be modelled by a PSF,
which modi es the shape of the source through convolution. A typical approach to remove the

PSF from a galaxy shape involves two steps: (1) predict the shape of the PSF at the location of the

117



Figure 5.7: (a) The auto and cross-correlation functions and (b) the auto and cross power spectra
of the PSF residual terms, whedgss = 0030andVsf = 0-89. Dashed lines mean that the values

are negative.

galaxy using nearby stellar images, and (2) apply a PSF deconvolution algorithm, such as the re-

Gaussianization method in the HSC pipeline. Nevertheless, both steps can still leave small residual

PSF in the galaxy shapes: (1) the number density of stars is much smaller than that of galaxies,

thus the variations of PSF on small angular scales can not be accurately predicted, and (2) the PSF
deconvolution algorithm can have imperfections that leaks PSF shape into the deconvolved galaxy

shape (Mandelbaum et al. 2018a). We follow Hikage et al. (2019) and Hamana et al. (2020) to

118



model PSF residuals as a linear combination of these two effects:
X3 = Upsf$p s Vpsf$q— (5.26)

where$P = ePshs2 denotes the shear associated with the predicted PSF shag®f argP  $ .
the difference between the predicted PSF shear and the untraceable true PSF shear.

As the small scale variations of PSFs is not recoverable, it is not possible to rep&Stetds
that have identical characteristics to the real data. We therefore adopt an alternative approach
where we model the the PSF residuals as Gaussian random elds, and they can be generated based
on the auto- and cross-correlation functions betwgand$% measured by Hamana et al. (2020).
We choose the correlation functions because they are measured at a higher angular scale resolution
than the power spectra by Hikage et al. 2019. We t analytical models to the correlation functions
presented in Figure 20 of Hamana et al. (2020) and derive their power spectra counterfarts (

PAd and 99) by the Hankel transform

1

8o=2c d\\b®ho g1\ (5.27)

Visualisations of the correlation functions and power spectra are shown in Figure 5.7. The total

PSF error power spectrum is a linear combination of the three components:
psf1 o — Usz PP1 o . 2Upsfvpsf Pd1 o . VZpSf qdi o_ (5.28)

where the nuisance parametérandV have Gaussian priors derived from Figure 21 in Hamana

et al. (2020) with all angular scales:
Upst N1 0:030-00013— Vst N1  0:89-0-70° (5.29)

After the convergence maps are generated for a realisation (see Section 5.3.7), wesgrapte
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Vpst from their prior distributions and generate one PSF convergence map for each sub- eld, which

is added to the convergence maps for all redshift bins.

5.4 Summary statistics

5.4.1 Convolutional neural network
Overview

Considering that our simulation pipeline is a function that generates maps from parameters:

pipeline:t) — —° ! ~— (5.30)

where) 1 ?;— —2°denotes the parameters of interesthe nuisance parameters, anthe
random variables, we train summarising CNNo be a function that predicts the parameters of
interest given a map:

CNN: A1 y— (5.31)

where the weights of the CNN are adjusted so thiatclose to) , or more rigorously, minimising a

loss functionl ty-) °. Here, we note that although the CNN is trained with the goal of reproducing

the parameters of the input map by its outputs, those outputs usually come with large biases (see
e.g. Gupta et al. 2018; Ribli et al. 2019; Lu, Haiman, and Zorrilla Matilla 2022), so they should
not be used as estimations of those parameters. Instead, we view the output of the CNN as another
summary statistic, and we derive a likelihood functlohyj) © from the predictions regardless of

the meaning of its outputs, effectively marginalising over the nuisance parameters and randomness.
A neural network-based summary statistic works in a similar way to traditional statistics such as
power spectra and peak counts in that they all take a convergence map (or maps) as the input and
generate an array of numbers as the output. The difference is that a neural network has millions
of free parameters (called “weights”) that need to be determined through a training process. Using

the CNNs in this way has been investigated in multiple studies (see Gupta et al. 2018; Ribli et al.
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2019; Fluri et al. 2019; Fluri et al. 2022; Lu, Haiman, and Zorrilla Matilla 2022).

The CNN is often trained on a data set with a nite number of maps for multiple rounds. It is
possible that the network over- ts to the training set, i.e. learning some irrelevant features out of
randomness which only work on the training set. So it is important that we use a different set of

maps, which have never been seen by the network, for the derivation of the likelihood function.

Map smoothing

The weak lensing signals on very small angular scales are often discarded for a few reasons: (1)
the modelling of baryonic effects is not well-known, (2) the non-linear alignment model underesti-
mates the IA signal on small scales, (3) the PSF modelling error becomes comparable to the lensing
signal at low redshifts, and (4) very small scales are not very informative due to shape noise (Fang
and Haiman 2007; Singh, Mandelbaum, and More 2015; Hikage et al. 2019; Arico et al. 2020). For
example, Hikage et al. (2019) adopts.x = 1900in their ducial analysis {min 6 arcmin, and
Hamana et al. (2020) adoptsin = 7 arcminfor b *\ °. To be consistent with these two studies, we
apply smoothing with Gaussian lters to our simulated maps (see Section 5.3.6) so that the CNN
will not learn from the uctuations on small scales which are not well-understood. Our ducial
analysis uses a smoothing radiusf @f = 4 arcmin which suppress the power by 90 percent (i.e.

10 percent of the power remaining) at= 1400and by 99 percent at = 200Q comparable to
the ducial analysis in Hikage et al. (2019). We will also perform analysis with other smoothing
scaled ¢ = 1-8 arcmin(99 percent suppression at 8006-1000 to see how the statistical errors

change.

Architecture

Similar to our previous work (Lu, Haiman, and Zorrilla Matilla 2022), we employ a CNN
architecture with residual blocks (He et al. 2016), as is shown in Table 5.3. A residual block
consists of 8 3 convolution layer, a batch normalisation layer, a recti ed linear (ReLU) layer,

another3 3 convolution layer, a batch normalisation layer, and a ReLU layer in series, with a
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Layer/ Kernel Stride Output

block size dimension
(Input) 4 104 104
Convolution 7 7 2 =h 52 52
Residual block 1 =h 52 52
Residual blockpjock =h 52 52
Pooling 2 2 2 =h 26 26
Convolution 3 3 1 12=° 24 24
Pooling 2 2 2 2= 12 12
Convolution 3 3 1 14=4° 10 10
Pooling 2 2 2 1M4=4° 5 5
Convolution 3 3 1 18=® 3 3
Pooling 3 3 2 8= 1 1
Linear 256
RelLU 256
Linear #\

Table 5.3: The architecture of the CNNs. Hexg (number of channels) angocx (number of
residual blocks) are hyper-parameters. Convolution layers, except those in the residual blocks, are
implicitly followed by batch normalisation layers and then ReLU layers.
skip connection that add the residual block input to the intermediate result prior to the last ReLU
layer.

The input to the CNN is the convergence maps of the four redshift bins with the padding
removed, thus it is an array with dimensién 104 104 representing a sub- eld witB 3 ded
in size. The output from the CNN is a list éf, numbers, whergt, = 3 when we adopt a
model with only cosmological parametersy, f g, a) being free, o#\ = 7 when we adopt a
model with four additional free baryonic parametérs(" 1.9, [, V). The network has two hyper-
parameters: the number of map channels in residual blagkand the number of residual blocks
plock- OUr main models as presented in Section 5.6 and Section 5. Zg4se$4 and=p|ock = 10;
models with other choices are discussed in Section 5.7.1.

The loss function of the CNN is

lly)o0=— 14 \802— (5.32)
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where#, denotes the number of parameters (3 or\gkhe value of theg" parameter with the
following normalisation: (a) n, retain its original value, (bj g is replaced by(sg, (C) |a is
divided by a factor ofLO, and (d) the baryonic parametefs{, " 19, [, V) are scaled such that
their prior ranges map te0«0-0-5vzafter taking their logarithm. With normalisation, the value

ranges of all parameters are around 0.5, which helps the convergence of the network.

Training

For the analyses without baryonic effects or with a xed baryonic mo#elX 3), we generate
800 ray-tracing realisations per cosmolody?( 10° maps in total) for training. For the analyses
with free baryonic parameters, we generate 1600 ray-tracing realisa2dns10° maps in total),
where the baryonic parameters are randomly chosen according to a Sobol sequence (Sobol' 1967)
in the 4-dimensional hypercube such that each parameter follows a log-uniform distribution across
its prior range. The post processing steps, including the addition of shape noise; Jand PSF
error, are applied on the y, meaning that different maps will be generated during each visit to the
same ray-tracing realisation.

The network is trained with the Adam optimiser (Kingma and Ba 2014) Witk 0+9 and
V, = 0:999for eight epochs: the rst ve epochs use a learning raté&Jef 10 3, then the learning
rate is decreased by a factor 10 at the beginning of each of the rest three epochs. We have veri ed
that for the networks used in this study, these numbers of training epochs are suf cient for the
training losses to converge at each learning rate stage. In each training step, the network takes
batches of 256 tomographic convergence maps distributed across four graphics processing units
(GPUs). The training runs were performed on the TACC Frontera cluster using four Quadro RTX

5000 GPUs, with each run taking three to ve hours depending on network hyper-parameters.

5.4.2 Cross power spectra and tomographic peak counts

In addition to the CNN, we also perform analyses with cross power spectra and tomographic

peak counts on the same set of convergence maps, so that we can fairly compare their qualities.
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The cross power spectrum between the convergence maps of two redshi@tdnds (1
9 : 4)ismeasured by:

1 O

S1g = %11 o (5.33)

# o
mod&881 iV g1

where8 = 1- -8 denote the indices of the multipole bing, = 1074210 the boundaries of
the bins,# mode-gthe number of multipole modes in ti#8 bin, 21 © the cross power spectrum
at multipole . The multipole range of the measured cross power specBadsy VY 1995
comparable to that in Hikage et al. (2019). Across all ten pairs of the redshift bins, the cross power
spectra of a tomographic convergence map produces a data vector with 80 numbers.

The peak counts of a convergence map in a redshift bin is de ned to be the histogram of all
peak values in the map, where a pixel is a peak if and only {f italue is greater than all eight of
its neighbours. We smooth the maps by a Gaussian kernel with radigs2 arcminto remove
small scale uctuations. By inspecting the convergence maps at the ducial cosmology, we nd
the typical standard deviations dBcross the maps afe = 04015-0<016-0019-0-025in the four
redshift bins (low to high) respectively. Then number of peaks are counted in 20 equally-$paced
bins in the range of 1f X A 4f ¥ with the width of each bin bein@25f »*" for the 11"
redshift bin.

5.5 Parameter inference

In this section, we will describe in detail the process of inferring the cosmological parameters
and, in some analyses, the baryonic parameters using summary statistics. We infer the parameters
by comparing the target data vector, which can come from the simulations or the real data, to the
model from our simulation pipeline. Note that this procedure is different from Hikage et al. (2019)
and Hamana et al. (2020), where they primarily rely on theoretical predictions to construct the
model.

We rst generate 800 ray-tracing realisations per cosmology from our pipeline, for each vari-
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ation of baryonic modelling (no baryon, ducial parameters, and free parameters). We note that
these set of realisations are different from those being used to train the CNN in Section 5.4.1. Then,
we apply a summary statistic to all of the simulated tomographic convergence maps and compute

one data vector per realisation:

1 i
# eld

yal)© = 5 M) x0 — (5.34)

B=1

where# ¢y = 19 denotes the number of sub- eld§ the summary statistic, ar(ti\le) —X° the
tomographic convergence map for térealisation and8" sub- eld in the model with parameters

) . We evaluatey,?) © at following discreté values:
o forall At —fg®is one of the simulated cosmologies in Section 5.3.1;
e forallA o = 30— 2665 20— -30;

« for a speci c A the four baryonic parameters take the values ofAhé¢erm in the Sobol

sequence as in Section 5.4.1.

Additionally, the target data vectgris calculated in the same way.
We model the likelihood of observing the data vecyogiven the parameters as a multi-

dimensional normal distribution:

_ 1 1 1
21 0 oy -
T P e 2 Y C Y &%)
y=y hy,t)o- (5.36)
ct #sim# ,#the;_a 2C1)0 1_ (5.37)
sim

whereC?) ©is the covariance of!) °, #sim = 800the number of simulated realisations, &h\geta
the number of dimensions in the data vector (3 or 7 for the CNN and 80 for power spectra and peak
counts). The summary statistics of 800 realisations from a sB@fe Mpc # -body simulation

can be considered statistically independent (Petri, Haiman, and May 2016), and the pre-factor in
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Equation (5.37) is the Anderson-Hartlap correction factor (Hartlap, Simon, and Schneider 2007)
that makes the precision matix ! unbiased. Previous studies (see e.g. Lin and Kilbinger 2015b;
Gupta et al. 2018; Lu, Haiman, and Zorrilla Matilla 2022) have shown that the data vectors fol-
lowing multi-dimensional normal distributions is a reasonable assumption for parameter inference
from either the peaks counts or from the outputs of the CNNs.

Sincey,!) © are only available at discrejevalues, we need to interpolate between them so that
hy, andC can cover the entire parameter space. To avoid numerical instability, we interpolate
the elements in the Cholesky decomposition of the covariance matrix, and we can reconstruct the
interpolated covariance matrix by

@1yo = (1)ofT1)o_ (5.38)

where['1) © is the interpolated Cholesky decomposition. For the model without free baryonic
parameters, we nd that a second-order polynomial t to each element with respegt &t each

cosmology is suf cient:

Bt 1n°=0s, 1lg 1a, 28 5, N- (5.39)

whereEg is one of the interpolated value¥)g- k- & the polynomial coef cients, and a small
unspeci ed error term. Therflg 1g and2gare interpolated linearly between the cosmologies with
Delaunay triangulation (see Figure 5.4). For the model with free baryonic parameters, additional

linear terms with respect to the baryonic parameters are added to the polynomi&ayfp t

&1 IA_..C_Hl_O_[_V: 08, 18 1A, 28 ﬁA

.38 ¢, 4 10, W, GV, N- (5.40)

where the polynomial coef cients are interpolated between the cosmologies. For the covariance
matrices, we reuse the values interpolated from the ducial baryonic model, which means that the
covariance is constant with respect to the baryonic parameters.

With the calculation of the likelihood functiofilyj) © ready, we derive the posterior distribu-

126



tion with Bayes' theorem

1) jy°el ?tyj)e?h)o- (5.41)

where?1) © is the prior distribution, as summarised in Table 5.2. We sample the posterior distribu-
tion with a Monte Carlo Markov (MCMC) chain & 10° steps, which is suf cient for the chains

to converge.

5.6 Cosmological constraints

In this section, we present the cosmological and baryonic constraints using our pipeline in Sec-
tion 5.3 and the parameter inference method in Section 5.5. In addition to the real HSC catalogue,
we will also use T17 mock catalogues (see Section 5.2.2) and our own simulated catalogues from
the ducial cosmology to construct the target data vecyan(Equation (5.36)), so that we can val-
idate our model and testing methods and effects. Hereafter, we will use the terms “with the HSC
catalog”, “with T17 mock catalogues”, and “with our ducial catalogues” to represent those target
data vector choices respectively. The speci cation of all MCMC sampling runs are summarised
in Table 5.4. In this work, we characterise the constraint of a parameter HGthpercentile0,
medianl, and84™" percentile2 of the posterior distribution in the form d% i and the statistical

error refers to the differenc2 0, which corresponds to the difference betwedri and, 1f in

a normal distribution.

5.6.1 Constraints with T17 mock catalogues

First, we compare our simulation pipeline to the T17 mock simulations by constraining the
cosmological parameters with the T17 mock catalogues generated in Section 5.2.2. Speci cally,
we calculate the data vector for each mock catalogue realisation and use the average data vector
as the target data vector in Equation (5.86)Ve show the posterior distributions in Figure 5.8,

together with the constraints where the data vector is calculated with our own simulated catalogues

2A more rigorous comparison can be made by setting the target data vector to the data vector from each realisation
and summarising the properties of the posterior distributions, instead of using a single averaged data vector.
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Figure 5.8: Posterior distributions with the target data vectors calculated from our own catalogues
atthe ducial cosmology (m = 03, (g = 0-8) and those from T17 mock catalogues,{= 0279,

(s =0791). The solid and dashed lines shows the 68 percent and 95 percent credible contours.

at the ducial cosmology. Here, we use the con gurationeck andno-systematics  , where

the IAs, baryons, and other systematics are not included, because non of these are added to T17
mock catalogues. To make the contours easier to read, wé giostead off g in Figure 5.8 and
hereafter.

We nd that the posterior distribution from our ducial catalogues and that from T17 simula-
tions are very similar other than small translations. In terms of the marginal distributi¢estb&
median( g values from the T17 mock catalogues are lower than that from our ducial cosmology
by3%5 103,64 10 3 and3<7 10 2 for the power spectrum, peak counts, and CNN respec-
tively. In comparison, the actué difference from cosmological parameters of the simulations is

(g =92 10 >—the discrepancy is very small relative to the statistical errgigoiVe conclude
that our model prediction and parameter inference pipelines passed this validation step.

Additionally, we note that the contours from our ducial catalogues (the solid contours in
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Figure 5.8) are in general not centred aroungl = 0«3 and(g = 0+8. In particular for the power
spectrum, the maximum likelihood is reached at, = 0290~ (g = 0¢786°. The reason is that

the determinant of the covariance matrix varies across the cosmological parameter space, which
affects the posterior probability in the prefactor of Equation (5.35). This phenomenon is especially
signi cant for the power spectrum because the determinant decreases by a factor of twbgwhen

increases from 0.796 to 0.804 (a one percent increase).

5.6.2 Constraints with the HSC catalogue

In our ducial analysis fisc-default ), we include the all of systematic effects except the
baryonic effects, as in Hikage et al. (2019). The posterior distributions,pff g, and | for
the three methods are shown in Figure 5.9. Note that we again rdpddoe (g in the plots for
the clarity of the contours. We ndg = 0-787 9923 from the power spectrunf,g = 0-800 9:323

from the peak counts, ang = 0793 3317 from the CNN. These values fall between the results

in previous HSC studies{g*U = 0:5° = 0-780 3333 (Hikage et al. 2019) andlg = 0823 9932
(Hamana et al. 2020). But we nd that the statistical uncertainty for the power spectrum method
in this work is 20—-30 percent smaller than that by Hikage et al. (2019). We suspect that this
is because Hikage et al. (2019) have modelled eight parameters compared to only three in our
ducial analysis. Although the additional parameters does not appear to be correlatéag witr
are they constrained better than their priors, they can contribute to the statistical €rgor of

While the posterior distributions of the three methods are in very good agreement, the CNN
achieves the smallest statistical error for each of the parameters. Speci cally, the CNN gjives
0793 2010 ;m=0278 2937 and |a = 0-20 323, which are better than the power spectrum by a
factor of 1.3, 2.5, and 1.5 respectively. We notice a slight multimodality in the marginal distribution
of ., for the power spectrum. We speculate that this is likely caused by the cosmology grid (in
Figure 5.4) being relatively coarse along theg, direction, resulting in small inaccuracies from

interpolation. This can be veri ed, and improved upon, by increasing the number of simulations

in future works.
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Figure 5.9: Posterior distributions based on the HSC data in the model without baryons (top panel),
and its conditional distribution with |54 = 0 (bottom panel).

Figure 5.9 also shows the conditional distributions wita = 0 (hsc-no-ia ). Compared
to the ducial analysis, the marginal distributions @ almost remain the same—the median val-
ues only shift by less than 0¢3f , but the constraints of , have changed slightly due to the
degeneracy betweeny, and |a.

Figure 5.10 shows the posterior distributions in the ducial baryonic mdusl-fid-baryon ).

We nd that the inclusion of baryons shifts the constraints(grhigher by 0.02—-0.03. Such dif-
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Figure 5.10: Posterior distributions based on the HSC data in the model with ducial baryonic
parameters.
ferences are expected since the overall effect of baryons is to lower the matter uctuation on small
physical scales, which is negatively correlated with a higher valeg.of

Figure 5.11 shows the posterior distributions in the model with free baryonic parameters
(hsc-free-baryon ), which has seven free parameters in total. The cosmological constraints
by the CNN are n = 02268 2210 (g = 08192232 and |4 = 0416 923 Other than a slight
degeneracy betwedr and" . and the power spectrum preferring the model with low none of
the methods can extract enough information from the maps to constrain the baryonic parameters.
Lu, Haiman, and Zorrilla Matilla (2022) have shown that these methods should marginally con-
strain baryonic parameters only with the full HSC survey area according to their simulation-based
forecast, so it is not surprising that we can not constrain baryonic parameters with the smaller rst-
year survey area. With the impact of free baryonic parameters, the statistical erfgrnmnofease

by 15-30 percent for the three methods relative to those in ducial baryonic model, but the median

(s values are almost unchanged.
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Figure 5.11: Posterior distributions based on the HSC data in the model with free baryonic param-
eters.

The credible intervals for the above HSC constraints are summarised in Table 5.5.
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Shiock =ch fo Statistical error

m (s IA
5 32 4° 0.0778 0.0351 1.15
10 32 4% 0.0769 0.0351 1.15
15 32 4% 0.0782 0.0354 1.15
5 64 4° 0.0776 0.0354 1.14
10 64 49 0.0767 0.0355 1.16
15 64 49 0.0756 0.0351 1.16
5 96 4° 0.0779 0.0355 1.15
10 96 4° 0.0761 0.0349 1.15
15 96 4° 0.0765 0.0353 1.13
10 64 8° 0.0918 0.0389 1.20
10 64 4° 0.0767 0.0355 1.16
10 64 2° 0.0696 0.0338 1.13
10 64 1° 0.0696 0.0338 1.13

Table 5.6: The statistical errors of the parameters using different CNN architectures and smoothing
scales.

5.7 Discussion

5.7.1 CNN hyper-parameters

In our ducial analysis, we use the CNN architecture withiock = 10 and=cy, = 64, and in
this section, we train eight additional CNNs with combinationsg§cx = 5-10-15 and=¢, =
32-64-96. In Table 5.6, we show the statistical error o, (g, and |5 for all CNNs with
our ducial cataloguestjootstrap ). We nd that all CNN architectures we tested performs
similarly, which means that those architectures are all complex enough to extract the information

from the maps.

5.7.2 Map smoothing scale

In our ducial analysis, the convergence maps taken by the CNN are smoothed by a Gaussian
kernel withf ¢ = 4arcmin Here, we train a few more CNNs on the convergence maps smoothed
on other smoothing scalesnjoothing ): f ¢ = 1-2-and8arcmin The statistical errors of the
three parameters with those CNNSs are in listed in Table 5.6. We nd that decreasing the smoothing

scale reduces statistical errors of the parameters, as the information on smaller scales becomes
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Figure 5.12: Comparison between the HSC or T17 mock peak counts and our simulated peak

counts. Left panels show the tomographic peak counts in four redshift bins, and the right panels

show the non-tomographic peak counts with two smoothing scales. The error bars are calculated

assuming Poisson distributions. The boundaries oftlie ranges used in Liu et al. (2022) and in

our analyses are shown in black and green dashed lines respectively.

available. But when a certain smoothing scale is reached, the shape noise dominates the signal and

decreasing the smoothing scale further will no longer improve the constraints. From our tests, this

critical smoothing scale 84 arcminfor CNNs: the reductions in statistical errors are small from

f ¢ = 4arcminto f g = 2arcmin(9 percent for , and 5 percent fo(g), and they are negligible

fromf g = 2arcmintof g = 1 arcmin A similar result is also found by Hikage et al. (2019), where

extending from max = 1900t0 max = 35000nly yields a 10 percent reduction on the errof gf
Although a smaller smoothing scale gives us tighter constraints, it makes the results more

vulnerable to the systematic effects that are not well-understood or not accounted for. Here, we

present an example where we nd a discrepancy between the number of high peaks in the HSC

data and that in our simulation. In Figure 5.12, we show the tomographic peak countsanath
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